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SYSTEM AND METHOD FOR IDENTIFYING
ICTAL STATES IN A PATIENT

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of priority to
U.S. Patent Application Ser. No. 62/276,203, filed Jan. 7,
2016, which is incorporated by reference herein in its
entirety.

U.S. GOVERNMENT RIGHTS

[0002] This invention was made with government support
under NSF Grant No. 1112753 awarded by the National
Science Foundation. The government has certain rights in
the invention.

BACKGROUND

[0003] At least five million people in the United States and
fifty million people worldwide suffer from epilepsy. Of
these, thirty percent or more have poorly controlled seizures,
a condition known as refractory epilepsy, despite treatment
with medications and surgery. For most epilepsy sufferers
selecting the anti-epileptic drug(s) and dosages that mini-
mize seizure rate and side effects, while maximizing quality
of life, requires a long trial and error process. When drug
regimens are changed, the patient is hospitalized for several
days of twenty-four hour monitoring to determine seizure
rate under new medications. Once out of the hospital,
seizure tracking relies on self-reporting by patients and their
families if available, often taking form of seizure diaries.
Unfortunately, many patients are unable to determine or
remember that they have had a seizure, leading to underre-
porting of seizure rates by fifty percent or more. While
seizures can be accurately diagnosed using electro-encepha-
lography (EEG) synchronized with video monitoring, such
“video-EEG” monitoring is expensive, not portable, and
requires expert operation and review to identify seizures.
This limits video-EEG to the inpatient setting, although
most seizures occur outside this setting. These factors hinder
efforts to assess whether new therapeutic regimens actually
reduce seizure rates.

SUMMARY

[0004] A continuously wearable device detects and
records epileptic seizures during normal patient routines.
The device uses a plurality of extra-cerebral sensor modali-
ties coupled with a responsiveness test. Extra-cerebral sig-
nals for example include limb acceleration, pulse photopl-
ethysmography (PPG), measures of blood pressure, heart
rate, oxygen saturation level, and respiration rate derived
from PPG, acoustic signals from microphones that record
vocalizations, electro-cardiogram (ECG) signals, electro-
myography (EMG), eye motion, facial motion, and galvanic
skin response (GSR). Alternative embodiments may com-
bine some or all of these sensors.

[0005] Inanembodiment, a system identifies ictal states in
a patient, the system includes a processing unit and a
plurality of different non-electroencephalographic sensors
configured to sense signals from the patient. The processing
unit has a processor and memory with instructions for
deriving feature vectors from the plurality of sensors and
classifying the derived feature vectors to determine prob-
ability of the patient being ictal, when the probability is
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sufficiently high asking the patient if the patient is in an ictal
state, logging or counting the seizure and/or reporting to a
caregivers if the patient is ictal, and updating the classifier
based upon sensor data, probability, and the response.
[0006] In another embodiment, the method for identifying
ictal states includes sensing, using a plurality of non-elec-
troencephalographic sensors configured to sense signals
from the patient, deriving feature vectors from the plurality
of sensors and using a classifier trained using a training
dataset, to determine the probability of the patient being in
an ictal state, and if the probability is sufficiently high,
asking the patient if the patient is in ictal state, reporting ictal
states to caregivers, and updating the classifier.

BRIEF DESCRIPTION OF THE FIGURES

[0007] FIG. 1 shows one exemplary system for identifying
ictal states in a patient, in an embodiment.

[0008] FIG. 2 shows the system of FIG. 1 configured with
one or more sensor modules, each containing at least one
sensor, that unobtrusively attach to a patient, in an embodi-
ment.

[0009] FIG. 3 shows one exemplary prototype of the
system of FIG. 1 operating to monitor and record PPG,
three-axis motion, electrodermal response, skin temperature,
and frequency content of vocalizations, in an embodiment.
[0010] FIG. 4 shows an example of a heart rate signal
derived from PPG obtained at the wrist.

[0011] FIG. 5 shows an exemplary comparison between a
generative and discriminative approach for binary classifi-
cation.

[0012] FIG. 6 is a flow diagram that illustrates one exem-
plary method for a hybrid generative-discriminative classi-
fier with active learning, in an embodiment.

[0013] FIG. 7 illustrates one exemplary histogram of
calculated axis of maximal separation (AMS) versus the
probability density function using a plurality of extra-cere-
bral sensors for twelve epochs of seizure data and two
hundred randomized epochs of data obtained while the
patient is using technology (phone, computer).

[0014] FIG. 8 illustrates a receiver-operator (ROC) curve
for seizure versus technology use in the case of FIG. 7.
[0015] FIG. 9A illustrates one exemplary histogram of
calculated AMS versus the probability density function
using a single-modal, extra-cerebral sensor for twelve
epochs of seizure data and two-hundred randomized epochs
of data from a patient using technology (phone, computer).
[0016] FIG. 9B illustrates the ROC curve for seizure
versus technology use in the case of FIG. 9A.

[0017] FIG. 10 shows the morphology of an ECG signal.
DETAILED DESCRIPTION OF THE
EMBODIMENTS
[0018] Seizures fall into two general categories, each of

which manifests itself in a range of behaviors. Generalized
seizures involve the whole brain, and the patient loses
consciousness at the onset of the seizure. Manifestations
range from convulsions (stiffening of the body with jerking
limbs as in a tonic-clonic ‘grand mal’ seizure) to “petit mal’
or absence seizures where the patient enters a trance-like
state. Loss of muscle tone can also occur during generalized
seizures, which thus induce falls. Sudden, aperiodic muscle
jerks are characteristic of myoclonic manifestations. Partial
seizures, on the other hand, begin in one area of the brain.
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Complex partial seizures may include impaired conscious-
ness with altered awareness, confusion, jerking of limbs,
perceptual disturbances (sight, hearing, smell, taste) or
auras. Simple partial seizures can include motor, sensory,
and autonomic symptoms with unimpaired consciousness,
although speech can be inhibited for the duration of the
seizures. Partial seizures can progress to generalized sei-
zures. Repetitive vocalizations, lip smacking, and facial
motions can accompany both partial and generalized sei-
Zures.

[0019] Current epileptic seizure diagnosis is focused on
analysis of EEG signals obtained clinically. Electrodes are
placed on the scalp and changes in voltage are detected at the
surface of the scalp with excellent temporal specificity. An
effective approach to prescribing appropriate antiepileptic
medication(s) and determining the efficacy of treatment
often involves a lengthy inpatient hospital stay with twenty-
four hour surveillance. A neurologist, utilizing a video
camera synchronized with an EEG (video-EEG), is able to
identify the type, frequency and severity of seizures a patient
has while hospitalized.

[0020] Studies have applied machine learning to EEG
signals to detect onset of an ictal (seizure) state and its
duration. For example, patient-specific classifiers have been
constructed for scalp EEG data using feature-based machine
learning. Features are derived from EEG signals and a
combination of EEG and electrocardiogram (ECG) signals
based on spectral frequency components are identified from
time-domain data; and a support vector machine classifies
the feature vector derived from a data epoch or sequence of
observations into a binary class—ictal or non-ictal state.
Similar approaches to using EEG for seizure detection have
used different feature vectors in the classification approach.
Automatic seizure detection using EEG signals alone is
overly sensitive to patient motion and other artifacts and
therefore is ineffective outside of the clinical setting. Thus,
there is a need to detect seizures during normal routine to
reduce the incidence of unreported seizures and thereby
improve the treatment of epilepsy.

[0021] Recent studies with controlled clinical conditions
have shown promising results that ictal states can be statis-
tically separated from normal homeostasis using single
sensor modalities other than EEG. Variations in heart rate,
breathing rate, and specific movements have been shown to
correlate with seizures. Studies show heart rate increases by
an average of ten beats per minute near seizure onset in 93%
of eighty-one epileptic patients participating in a study and
clearly preceding the seizure onset in 49% of patients. ECG
abnormalities were also common, and one case of asystole
(no cardiac electrical activity and contractions) was
observed. Additionally, electrodermal response—a measure
related to autonomic nervous system response—has been
shown to correlate with seizures, although it also correlates
with many other normal conditions as well (e.g., perspira-
tion due to exertion, fear, dehydration). These approaches
can potentially detect clinical as well as subclinical seizures,
but they look for a single measurable index to indicate a
seizure. However, it appears that the presentation of epilepsy
is so diverse that no single metric can be sufficiently
sensitive and specific for seizure identification during a
patient’s normal routine because normal activities can trig-
ger false detection.

[0022] For purposes of this document, a photoplethysmo-
graphic (PPG) sensor is an optical sensor adapted to be

Jul. 13,2017

placed on or near skin and adapted to measure one or more
of blood oxygenation, pulse, cardiac arrthythmia, respiration
rate, blood pressure, and cardiac pulse waveform. An ECG
sensor is an electrical sensor having two or more electrodes
adapted for placement on or near a person’s chest to detect
heart contractions electrically; in embodiments, the elec-
trodes may be placed directly on the chest, or may be within
an elastic band or similar device. ECG sensors are capable
of monitoring at least pulse rate; in particular embodiments,
they are adapted to detect cardiac arthythmias and other
changes in cardiac function. An electromyography (EMG)
sensor is an electrical sensor having two or more electrodes
that record electrical activity from muscles. Certain optical
sensors may serve as proxies to EMG sensors to avoid, for
example, placement of electrodes on the face to monitor
facial motions. Certain optical sensors or cameras may also
track eye motion.

[0023] Our device uses machine-learning algorithms that
incorporate patient response to queries in state classification,
while using multiple sensor types. Traditional machine-
learning techniques seek to maximize classification of true
positive and negative events and minimize false positive and
negative classifications. In the context of seizure detection,
the goal of such techniques would be to count seizure events
with extremely high accuracy based solely on sensed extra-
cerebral signals. In contrast, our machine-learning tech-
niques work in two stages: generate preliminary seizure
classifications by processing extra-cerebral signals, and then
seek additional input through a patient responsiveness test to
increase the classification accuracy. In other words, the
device of the invention mimics what a human caregiver
would do upon observation of a possible seizure—for
example asking the patient “Are you having a seizure?” The
lack of response affirms the seizure to high probability
owing to seizure amnesia. If the patient is experiencing a
partial seizure without alteration of responsiveness, she or
he could also confirm this.

[0024] Such queries are “costly” in the sense that they
cannot be made continuously without excessively intruding
on the patient and thus must be conditioned upon a reason-
able preliminary classification. However, they provide
definitive classification for medical conditions where inabil-
ity to respond is a major characteristic, such as epilepsy,
concussion, near-fatal fall, heart attack, et cetera. The query
response also becomes a state label of the data (seizure, no
seizure), for which sparsely supervised machine learning
techniques may be used that retrain an existing classifier
with new, patient-specific data obtained during normal rou-
tine outside of a clinical setting (in a process known as active
learning). Consequently, a classifier developed based on
training data from a limited patient pool and controlled
clinical conditions becomes progressively more accurate for
each individual patient in real-world settings.

[0025] Unobtrusive extra-cerebral sensors, combined with
novel machine-learning algorithms that include an interac-
tive element, are used to create a wearable device to accu-
rately detect and record seizures outside of the clinical
setting. The device provides for accurate seizure counting
and tracking to optimize therapeutic regimes, real-time
caregiver notifications to improve patient safety and well-
being, and a large database of physiological and behavioral
data associated with seizures assisting new understanding
and treatment of epilepsy. But beyond epilepsy, there is
broad applicability of the device and associated machine-



US 2017/0196497 A1l

learning techniques to the treatment and care of individuals
with other medical conditions that hinge on event detection
during normal routine.

[0026] We therefore make use of multiple, extra-cerebral
signals that are likely to change in concert during seizures.
Exclusion of EEG signals frees us from a clinical setting and
makes packaging simple enough to allow for continuous,
everyday, wear by the patient. We use machine-learning
techniques based on time-series, multi-modal data to clas-
sify seizures against the background of normal activity.
[0027] Studies have shown that many physiological mea-
sures—heart rate, respiration rate, oxygen saturation level,
and pulse wave velocity—a measure related to blood pres-
sure—may be derived from the waveform of'a photoplethys-
mographic (PPG) sensor, which is commonly worn on the
finger, earlobe, or forehead. While signals from PPG sensors
are sensitive to motion artifacts, inclusion of direct measures
of motion assists in rejecting these motion artifacts from the
PPG.

[0028] FIG. 1 shows one exemplary system 100 for iden-
tifying ictal states in a patient. System 100 includes a signal
processing unit 102, and a plurality of sensors that includes
at least two of the following sensors: PPG sensor 120,
accelerometer 122, electrocardiogram (ECG) sensor 124, a
microphone 126, a temperature sensor 128, a galvanic skin
response (GSR) (also known as electrodermal activity
(EDA) or electrodermal response) sensor 130, electromyo-
graphy (EMG) sensor 140, an optical facial muscle motion
sensor (134), and optical eye motion tracking sensor (141).
Signal processing unit 102 includes a memory 104 and at
least one processor 106 communicatively coupled with
memory 104. In embodiments, the ECG sensor 124 includes
a two-electrode sensing unit; in alternative embodiments,
the ECG sensors 124 include additional electrodes.

[0029] In an embodiment, optical eye movement sensors
132 mounted to an eyeglass frame or cap brim are provided.
In embodiments, electromyographic sensors 140 adapted to
detect movements of muscles known to be involved in a
particular patient’s seizures, are provided. In some embodi-
ments, an optical sensor 134 or camera is positioned on a cap
brim or mounted to an eyeglass frame to observe movements
of facial muscles.

[0030] As shown in FIG. 1, sensors 120-134 operate to
send sensed data 121, 123, 125, 127, 129, 131, 133, 135,
137, 139, 141, and 143 to signal processing unit 102, where
it is processed as received and/or stored within memory 104
for further processing; in most embodiments processing
occurs in or near real time so that verification questions can
be presented to the wearer during a seizure, not after it has
ended. Signal processing unit 102 includes a state recognizer
152, implemented as machine readable instructions (soft-
ware) stored within memory 104 and executed by processor
106, that identifies ictal states in patient 202 (FIG. 2) based
upon two or more of PPG data 121, limb motion data 123,
ECG data 125, sound data 127, temperature data 129, GSR
data 131, eye motion data 143, relative blood pressure data
133, O, saturation data 135, EMG data 139, eye movement
data 132, facial muscle data 141, and respiration rate 137
using one or more classifiers 153. Signal processing unit 102
also includes an artifact remover 150, implemented as
machine-readable instructions stored within memory 104
and executed by processor 106, to remove motion artifacts
from sensed PPG data 121 based upon motion data 123 and
to bandpass filter sensor signals from sensors 120-134.
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[0031] In FIG. 1, state recognizer 152 includes machine-
readable instructions for deriving feature vectors from sen-
sor data and an ensemble of generative and discriminative
classifiers embodied as machine-readable instructions for
classifying feature vectors into ictal or non-ictal states.
[0032] FIG. 2 shows system 100 of FIG. 1 configured with
one or more sensor modules (e.g., wrist module 210, chest
module 212, ear module 214, and forchead module 216),
each containing at least one sensor (e.g., one or more of
sensors 120-134), that unobtrusively attach to a patient 202,
senses signals from the patient, and transmit sensed data to
signal processing unit 102, through a wired or wireless
connection. Each module may contain a low powered wire-
less transceiver implementing one or more wireless proto-
cols such as Bluetooth, Bluetooth LE, Zigbee, ANT, and
other protocols. In an alternate embodiment, signal process-
ing unit 102 and the one or more modules 210, 212, 214, and
216 communicate through a wired connection.

[0033] In one exemplary implementation, module 210 is
built into a watch worn by patient 202. In another exemplary
implementation, module 212 is incorporated into a vest that
is worn by patient 202. In another exemplary implementa-
tion, module 214 is incorporated into a headset worn by
patient 202. In another exemplary implementation, module
216 is incorporated into a hat or visor that is worn by patient
202. System 100 may include other modules for positioning
sensors at/on other parts of patient 202 without departing
from the scope hereof. System 100 may also utilize multiple
modules concurrently, where each module incorporates one
of more sensors 120-134. In the example of FIG. 2, signal
processing unit 102 is implemented using a smart phone or
other similar communication device. In one embodiment,
signal processing unit 102 logs, including counting, sensed
ictal states of patient 202. In particular embodiments, signal
processing unit 102 also communicates a sensed ictal state
of patient 202 to a caregiver directly, or indirectly through
another device such as a cell phone or body area network
(BAN) master node, using one or more of Bluetooth, IEEE
802.11 Wi-Fi, local area networks, cellular network using
short message service (SMS) and/or email, and the Internet.
FIGS. 1 and 2 are best viewed together with the following
description.

[0034] In a first embodiment, system 100 includes 3-axis
accelerometer (3AA) sensors 122 and electrocardiogram
(ECG) sensors 124; in a particular embodiment the system
further includes one or more additional sensors selected
from a photoplethysmographic (PPG) sensor, a GSR sensor,
a microphone, a temperature sensor, a facial movement
sensor, an EMG sensor, and an eye-motion sensor.

[0035] Inasecond embodiment, system 100 includes 3AA
sensors 122 and electromyographic (EMG) sensors; in a
particular embodiment, the system further includes one or
more additional sensors selected from a photoplethysmo-
graphic (PPG) sensor, a GSR sensor, a microphone, a
temperature sensor, a facial movement sensor, an ECG
sensor, and an eye-motion sensor.

[0036] While some of our sensors (such as eye movement
sensors mounted on a cap visor or glasses frame) are linked
to the processing unit by short-range digital radio, other
sensors may in some embodiments be directly connected to
a processing unit. For example, in a particular embodiment
of FIG. 3, GSR sensors, accelerometers, a microphone, and
PPG sensing are integrated with a processing unit attached
to a patient’s body.



US 2017/0196497 A1l

[0037] Signal processing unit 102 also includes a validator
156, implemented as machine-readable instructions stored
within memory 104 and executed by processor 106 and
coupled to an audio transducer (such as a loudspeaker) or
other signaling device 158, that interrogates patient 202
when ictal state 190 indicates a seizure to validate that the
seizure is occurring. For example, upon detecting ictal state
190, validator 156 asks whether patient 202 is having a
seizure. The patient 202 may respond verbally through
microphones 126 or through an input device 160. If patient
202 does not respond within a timeout period, validator 156
assumes that the determined ictal state 190 is correct;
otherwise validator 154 evaluates the response from patient
202 and determines whether ictal state 190 is, or is not, a
false positive.

[0038] Signal processing unit 102 may include a learning
algorithm 154, implemented as machine-readable instruc-
tions stored within memory 104 and executed by processor
106, to improve reliability of state recognizer 152 based
upon determined ictal states 190 and validation by validator
156 and an active learning technique described in further
detail below.

[0039] FIG. 3 shows one exemplary prototype of system
210 that operates to monitor and record PPG (e.g., PPG data
121), three-axis motion (e.g., motion data 123), electroder-
mal response (e.g., GSR data 131), skin temperature (e.g.,
temperature data 129), and vocalizations (e.g., sound data
127). The prototype of system 210 includes a PPG sensor
(e.g., PPG sensor 120) and circuit board, skin temperature
sensor 128, accelerometers 122, a wrist-worn sensor module
(e.g., wrist module 210), and a microphone (e.g., micro-
phone 126). By implementing signal processing unit 102 as
a commercially available mobile device (e.g., smart phone),
features such as GPS location, voice recognition, email and
SMS communications, and emergency communications are
readily available to enable communication with healthcare
professionals and a patient’s caregivers. In FIG. 3, the circuit
board within the watch-like housing incorporates acceler-
ometers 122, skin temperature sensing 128, and electrodes
for measuring skin galvanic response 130 (white wires),
which contact the wearer (e.g. patient 202) on the skin
underneath the housing. In a particular embodiment, PPG
sensor 120 is worn on the fingertip; but in alternative
embodiments PPG sensor 120 is worn on the earlobe (e.g.,
within module 214), forehead (e.g., within module 216) or
wrist (e.g., within module 210). Integrating accelerometers
122 into limb modules such as wrist module 210 allows limb
motion to be measured and allows artifact remover 150 to
correct for motion artifacts within PPG data 121. Where
present, an optical eye movement sensor may be mounted
either to a cap brim 218 or to an eyeglass frame (not shown)
worn by the patient, the eye movement sensor within a
module linked to the processing unit by short-range radio. In
some embodiments, a facial movement sensor is also
mounted to the cap brim, and may share components such as
a camera with the optical eye movement sensor.

[0040] In an embodiment, the disclosed invention inte-
grates a plurality of sensors into sensing modules that are
worn on one or both wrists, providing redundancy in mea-
surements, and incorporates microphone signals and a trans-
ducer (speaker) for interacting with the patient 202. FIG. 4
shows an example of a heart rate signal obtained at the wrist
using a wrist-worn sensor module. The current from the PPG
photoreceptor is processed by an ultralow-noise, signal-
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conditioning path to obtain a clean heart rate signal. FIG. 4
shows the quality of signals that can be derived from wrist
PPG using state-of-the-art technology. Using concurrent
ECG, PPG, and accelerometers and/or other sensors enables
system 100 to derive features that correspond to seizure-
related events and enable us to separate those states from
normal activities, such as exercise and sleep, as described
below.

[0041] In an embodiment, machine-learning processes
multi-modal extra-cerebral signals using sparse supervision
to train a classifier from training data gathered from a
population of patients, and then subsequently tailors itself
over time for each individual using active learning—an
approach that incorporates new labeled data to improve a
classifier over time. Our approach addresses open problems
in machine learning that are characteristic of seizure detec-
tion. These problems include classification of infrequent
events from time-series data (i.e., events with low frequency
of occurrence relative to normal events); classification of
events whose statistical variation may overlap significantly
with normal events; classification of events that may elicit
different behaviors in different segments of a population
(e.g., exacerbation of gross motor behavior in grand mal
seizures versus quieting of motion as in a petit mal seizure);
generalization of a trained classifier for one or a few
individuals having a medical condition to a population of
individuals with a similar condition; personalization of a
classifier over time to improve its performance; and feature
vector selection for optimizing classification accuracy. Addi-
tionally, we use data acquired clinically to train classifiers
and then extend the classifiers to settings outside of the
clinic. Outside of the clinic, non-ictal states exhibit wider
statistical variation than those observed within the clinic,
where the patient is confined to a bed.

[0042] Machine learning algorithms are generally catego-
rized by at least three parameters—supervised versus unsu-
pervised, active versus passive, and online versus batch
learning. In supervised learning, labels y exist for a training
dataset of feature vectors or inputs x, and these training
examples are used to build a classifier. Unsupervised learn-
ing draws inferences or conclusions about inputs without
associated labels. Active learning incorporates experiments
or queries to learn from the environment, while passive
methods can only observe inputs and cannot influence these
inputs. Online learning requires the learner to learn as inputs
are being collected, while batch learning generally implies
that a large dataset is available from which to build a
classifier.

[0043] Regarding classifier performance, a true positive
corresponds to accurately classifying a particular event or
behavior (e.g., classifying a seizure as a seizure or ictal
state), and a true negative corresponds to accurately classi-
fying a non-ictal state. In order to achieve acceptable true
positive and negative classification rates, as is common in
machine learning, a tradeoff exists with false positive and
negative rates. That is, achieving high true classification
rates generally incurs less than acceptable false positive
(false alarm) and/or false negative (missed seizure) classi-
fication rates. In an embodiment, our seizure detection is a
hybrid of supervised and unsupervised learning, active
learning, and online and batch learning owing to the char-
acteristics noted above—classification of infrequent events,
the amount of training data available, and the need to operate
robustly outside of the clinic.
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[0044] In order to derive labeled training data for machine
learning, one needs an “expert” or “gold standard” to label
data, in our case, as an ictal or non-ictal state. Our training
data consist of the physiological measures, audio, and limb
accelerations obtained using body-worn sensors as
described above. Typically, such data is obtained clinically,
for a small number of patients using video-EEG monitoring
synchronized with acquisition of body-worn data. The
video-EEG data are then labeled and the labels are trans-
ferred to sensor data. In this way, we obtain gold-standard
ictal state and non-ictal state training examples for a small
population of epilepsy patients.

[0045] Not only is the labeled dataset small, but it is also
acquired in the clinic; hence, the non-ictal states are biased
towards those acquired when activity is limited (mainly
resting in a hospital bed). We augment this dataset with data
acquired outside of the clinic, but from non-ictal states only,
as, until our system is deployed, there is no inexpensive and
feasible way of labeling ictal states outside of the clinic in
order to provide more general training data. Given this
dataset, the objective of machine learning is to provide a
classifier that identifies seizures robustly for the population.

[0046] System 100 implements a supervised machine
learning approach that triggers active learning based on a
classification probability threshold and incorporates boot-
strapping, which improves the classifier for the individual
over time. Generative approaches learn a model of the joint
probability p(x,y) of inputs x and labels y. Using this model,
Bayes’ rule can be used to calculate the conditional prob-
ability p(yIx) in order to predict labels for new data. Training
data are used to supervise learning of the model. Discrimi-
native classifiers learn the conditional probability directly
from training data and thus provide a map from data to labels
for new, unlabeled data. FIG. 5 shows an example compari-
son between a Naive Bayes classifier and a logistic regres-
sion—a generative and discriminative approach, respec-
tively, for binary classification. The generative approach
reaches its asymptotic error faster and with fewer training
examples compared with discriminative classifier; however,
the discriminative classifier has lower asymptotic error
overall, given a sufficiently large number of training
examples. The example of FIG. 5 illustrates this. In the
context of classifying seizure state based on physiological
measures, the distinction is important because the training
set includes many more non-ictal than ictal states (i.e., ictal
states are relatively more rare compared with normal states).
With limited training data, generative classifiers are nor-
mally more accurate, but with a wealth of data and a more
balanced data set than we expect, discriminative classifica-
tion is best.

[0047] System 100 implements an ensemble of genera-
tive-discriminative classifiers whose output comprises con-
ditional probabilities of ictal and non-ictal states generated
both using a model (generative) and by direct mapping
(discriminative). Together, the estimates of conditional
probability are used to trigger (or not) the acquisition of
additional input data from queries or interaction with the
patient—a form of active learning—from which the condi-
tional probability of a class label is recalculated. In other
words, system 100, upon detecting a sufficiently high con-
ditional probability of an ictal state (but not necessarily one
above 90%) can, using validator 156, ask patient 202
directly “Are you having a seizure?”’—and absence of a
response provides strong indication of an ictal state. For
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patients who have partial seizures without alteration of
responsiveness, the query may be useful to confirm whether
behavioral changes represent a typical seizure for patient
202. This interactive element of the classifier is not one that
can be “active” with each sample of data gathered, or even
periodically with a high frequency, synchronous or asyn-
chronous with data collection, owing to the obtrusive nature
of such interaction. In other words, if one were to ask the
patient every ten minutes “Are you having a seizure?” the
device would be unacceptable from a human-centered
design standpoint. However, upon establishing a likelihood
threshold, queries are less frequent, resolve true positives
from false positives, and provide labeled data to improve
classification performance for the individual based on the
body-worn sensor suite of system 100. The approach uses
online learning to tailor the classifier to the individual.

[0048] FIG. 6 is a flow diagram that illustrates one exem-
plary method 600 for a hybrid generative-discriminative
classifier with active learning. On the left side are ensembles
of generative 602 and discriminative 604 classifiers trained
on sparse hand-labeled training data acquired clinically,
each providing a conditional probability 603 or likelihood
605 of a class label given a feature vector derived from a
time epoch of body-worn sensors (physiological measures
and vocalizations). Given the separate labels from each
classifier, a fusion or voting scheme 606 provides a fused
class label 607 along with a decision of whether to activate
a query. If there is moderate to strong indication of an ictal
state, a query is made “Are you having a seizure?”, and the
response confirms (or not) the initial label. The final class
label 607 fuses the outputs of the two classifiers and the
query output. The query provides an independent “hand
label” of the data, and those data are used in active learning
608 to update the classifier, tuning it to the individual. In this
way, if the false positive rate of the initial classifiers is too
high, it improves over time to detect fewer false positives.

[0049] This approach targets use of sensors from multiple
sensing modalities in which the combination of features that
provides the best classification for a particular patient may
be unknown in advance. An open question for detection of
behaviors or states based on time-series data is that of
selection of such feature vectors, i.e., attributes from which
the state may be detected with high probability. Our physi-
ological measures consist of time-series data gathered from
discrete sensors (e.g., sensors 120-134) and including acous-
tic signals (sound 127) from microphones 126. Using a
plurality of sensors allows for simpler machine learning
elements 602 and 604, such as support vector machines,
logistic regression, naive Bayes, and linear discriminant
analysis to be used to classify the data in real time, as
statistical separability is achieved through the plurality of
Sensors.

[0050] FIG. 7 shows example results of classification of
ictal states and other “activities” from extra-cerebral sensors
acquired within a clinical setting. Transducers included
ECG, audio, galvanic skin response (GSR), EMG, and
tri-axial acceleration. A three-lead ECG was placed on the
patient’s chest, the microphone was placed on a table next
to the patient, and the remaining sensors were fitted into a
sleeve donned on the left arm. Microphone signals were
sampled at fifty kHz to record high fidelity audio, and
remaining signals were sampled at five kHz to meet Nyquist
sampling criteria for all other signals. The medical staff
simultaneously acquired EEG, ECG, and oxygen saturation



US 2017/0196497 A1l

as part of usual inpatient monitoring. Data were acquired for
four patients. Each wore the device for at least seven hours
and up to fifteen hours during their inpatient stay. One
patient experienced four separate seizure events while wear-
ing the device. Others had no seizures while wearing the
device. The patients were continuously videotaped in the
EMU. Data were synchronized with the video recording, and
the EMU staff provided descriptions of patient activities
from the time-stamped video data. Apart from times for
epileptic events, the staff’ noted when patients slept, ate,
talked, watched TV, used their phones or laptops, or tem-
porarily removed the device. We evaluated statistical sepa-
rability of the seizure events from four classes of non-
seizure activities—talking, eating, sleeping, and using
technology (e.g., phone, laptop, TV) based on 34 time- and
frequency-domain features (chosen out of an initial set of 52
features). Features were extracted from five-second epochs
of time-domain data after bandpass filtering the data to
reduce noise, with two to eleven features extracted for each
transducer. Salient transducer characteristics, as well as
example features extracted, are summarized as follows:

[0051] Electrocardiogram (ECG): ECG measures heart
rate (HR), heart rate variability, and cardiac repolar-
ization abnormalities. Tachycardia (HR>100 beats/
min) and bradycardia (HR<60 beats/min) are common
autonomic responses to simple and complex partial
seizures, and secondarily generalized seizures.

[0052] Surface Electromyogram (EMG): EMG records
electrical response resulting from nerve stimulation of
muscle. Forearm tension and relaxation due to myo-
clonic, atonic, myoclonic-atonic, epileptic spasms, and
startle-induced reflex seizures can be clearly observed
in the signal; thus, the electrodes for this sensor encom-
passed the patient’s entire forearm.

[0053] Electrodermal Activity (EDA—as measured
with a GSR sensor): The skin is innervated by the
sympathetic nervous system, and many epileptic
patients experience goosebumps, sweating, and skin
color change during seizures. GSR can detect electrical
changes on the skin’s surface between two surface
electrodes.

[0054] Tri-axial Accelerometer: Uncontrolled, convul-
sive, or repetitive movements of extremities are hall-
marks of many seizures. Accelerometers track transla-
tional accelerations, which can identify idiosyncratic
patterns for simple motor seizures Similar to other
seizure detection studies, the accelerometer is posi-
tioned in the middle of the patient’s forearm.

[0055] Microphone: Dysphasia (impaired language pro-
duction) and speech automatisms often occur during
focal epileptic seizures. A microphone operating under
a 100 ms ON/100 ms OFF duty cycle acquires vocal-
izations while maintaining patient privacy.

[0056] Photoplethysmography (PPG): PPG has been
shown to detect variations in heart rate, blood pressure,
cardiac output, oxygen saturation, and respiration rate,
which are all physiological markers that can change
during seizures.

[0057] As an example of feature vector extraction from
transducers, we detail ECG feature derivation. FIG. 10
shows the morphology of an ECG signal. The heart rate over
a window of time is inversely proportional to the average
R-R interval, or time between peaks in FIG. 2. Since
tachycardia, bradycardia, and asystole can occur during a
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seizure, the mean R-R interval and its standard deviation are
two features extracted from five-second epochs of this
signal. The P wave occurs due to arterial depolarization, the
QRS wave due to ventricular depolarization, and the T wave
due to ventricular repolarization. The most serious seizure-
related cardiac irregularities are ST-elevation/depression
and T-wave inversion, both caused by abnormal ventricular
repolarization during an epileptic event. Hence, we extracted
the mean and standard deviation of signal values between
S-T points. The T value and its standard deviation indicate
whether that part of the wave has been inverted and provide
additional features. Linear Discriminant Analysis (LDA) is
used to evaluate separation between the four activity clusters
and seizures. In LDA, the vector difference between the
center (mean) of activity A epochs and the center of activity
B epochs is computed. The corresponding unit vector is the
axis of maximal separation (AMS). The data for each
activity are projected onto the AMS to visualize the best-
case linear separation within the feature space; separation of
data along the AMS is representative of separation in
34-feature space. Histograms for epochs of each activity
provide visualization of the projection onto the AMS and
separability; the largest components of an AMS correspond
to the features most important in separating data. Given the
paucity of seizure data in this pilot study, the AMS is always
calculated using the same twelve epochs of seizure data and
a minimum of forty epochs of data from a given activity. We
classified randomly selected epochs of activity data in order
to include the effects of potentially nonstationary statistics in
the analysis. Classifier performance is measured by the
receiver operator curve (ROC), or true positive rate (sensi-
tivity) versus false positive rate (1—specificity), i.e., by
accurately classifying a seizure as a seizure and a non-ictal
state as non-ictal, and associated false positive and negative
rates. In machine learning, achieving high true classification
rates often incurs less than acceptable false positive (false
alarm) and/or false negative (missed seizure) rates. We
found that the area under the ROC curve for seizure events
and each activity ranged from a low of 0.985 (for seizure
events versus two hundred randomized epochs from tech-
nology use activity) to 0.997 (for seizure events versus two
hundred randomized epochs of talking); in other words,
even in the highest overlap case between seizure data
clusters and activity data clusters, normal activity is highly
separable from seizure data given the multi-modal sensor
suite and 34-element feature vector. Example histograms of
the data separation for technology activity versus seizure are
provided in FIG. 7, and the calculated ROC curve is shown
in FIG. 8. Using additional technology activity data beyond
the forty used to calculate the AMS did not significantly
change the mean or standard deviation of the cluster, which
provides a preliminary empirical measure of how much data
are required to build a classifier.

[0058] While commercial devices exist for monitoring
physiological stress, these are based on single mode data.
For example, the Empatica Embrace stems from study of
electrodermal response during seizures. In our pilot study,
the EDA or GSR transducer contributes seven of the 34
features extracted. In contrast to the AMS analysis for the
34-element feature vector from multi-modal sensing from a
plurality of sensors shown in FIG. 7-8, the ROC applied to
classification using features derived only from one sensor
type such as EDA or GSR sensor data) decreases to 0.51, or
just above chance (FIG. 9A-B). The study shows that there
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is ample sensitivity in multi-modal data acquired with a
plurality of non-electroencephalographic sensors to distin-
guish between ictal and non-ictal states, but single mode
sensor data lacks specificity.

[0059] Approaches to selecting features from multi-model
time-series data involve optimization, windowing, and heu-
ristic or rule-based feature selection. It is clear that single-
modality sensors may capture some manifestations of sei-
zures, but they cannot capture all manifestations. For
example, tri-axial accelerometers 122 capture motion, but
not physiological changes and vocalizations. Electrodermal
sensors 130 and ECG sensors 124 capture autonomic system
response, but signals may overlap with other behaviors that
stimulate similar response (i.e., sweating occurs both during
a seizure and during normal exercise). Further, different
sensors must be sampled on different time scales to capture
signals of interest.

[0060] Studies have been made of hybrid discriminative/
generative classifiers for modeling of general human activi-
ties—sitting, walking, jogging, riding a bicycle—from
accelerometers, audio, infrared, temperature, and barometric
pressure sensors and derives “boosted decision stumps” as
static classifiers for each activity. The method ranks indi-
vidual features in relation to its ability to discriminate a
given action, and the final output is a weighted sum of a set
of weak classifiers. While the algorithm is effective in
classifying common human activities (sitting, standing,
walking, jogging, walking up/down stairs, driving, cycling,
riding an elevator), for those activities, single modalities can
be effective at identifying the activity. For example, baro-
metric pressure is strongly correlated with elevation change,
and accelerometers are strongly correlated with human
initiated motion; however, the characteristics of seizures
described herein indicate that no single sensor modality
captures all manifestations of seizures. The “overlap” in
dynamic range from single modalities among ictal and
non-ictal states is potentially too large to use iteratively such
trained binary weak classifiers based on a single feature or
single sensor. Rather, the dynamic evolution of physiologi-
cal measures in concert allow us to detect seizures.

[0061] Owing to this, system 100 implements a classifi-
cation system in which simple discriminative or generative
classifiers are based on feature vectors that incorporate
combinations of elements from each sensor modality,
including features derived from spectral properties, i.e.,
frequency-domain data, and/or wavelet decomposition. Our
reasoning is as follows. In seizure manifestations, motion
has periodic elements reflecting its repetitive nature. Simi-
larly, vocalizations tend to be repetitive and narrowband
rather than broadband. These manifestations may be accom-
panied by sudden physiological changes, e.g., change in
heart rate or respiration rate. During petit mal seizures, the
patient experiences a quiet, trance-like state, i.e., the power
spectral density of sensors should decrease dramatically and
suddenly. In contrast, normal activity is characterized by
aperiodic motion (e.g., reading, sitting, housework) or peri-
odic motion of a different frequency (walking, running),
which can occur in conjunction with change in heart rate,
respiration rate, and electrodermal response. Combinations
of features, including frequency-domain features, enables
separation of seizure events from normal activity using
simple binary discriminative and generative classifiers with
sufficient accuracy to generate a query to resolve uncertainty
in the class label. Given the query response, a trained
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classifier that incorporates that response is used to provide a
final class label. Combinations of existing sensors and
features enable good separation of seizure events from
normal activity using simple classifiers with sufficient accu-
racy to generate a query to resolve uncertainty in the class
label.

[0062] There are other manifestations of seizures that are
not captured explicitly by the transducer set used in FIGS.
7, 8 and 9; for example, facial spasms are characteristic of
simple partial seizures and tonic-clonic seizures and can
progress in characteristic frequency of the spasms as the
seizure progresses. Lateralized, sustained head/eye devia-
tion is common in generalized tonic-clonic seizures, as are
other automatisms (grimacing, high frequency facial muscle
twitching, lip smacking, chewing, and swallowing, and less
commonly, ictal vawning), but EMG on the face that can
detect idiosyncratic responses during seizures requires
application of differential skin electrodes and thus is obtru-
sive on the face. Likewise, eye motion is difficult to follow
except through use of a camera. Therefore, exemplary
embodiments of system 100 include optical sensors (e.g.,
134) for eye tracking and facial motion tracking.

[0063] In order to tune a classifier (e.g., classifiers 153) to
an individual, system 100 incorporates active learning (e.g,,
learning algorithm 154)—an approach that improves clas-
sification through generation of alternative training sets and
online training of a classifier using these alternative training
sets. An initial classifier embodied on a device is based on
training data acquired in the clinic, as described above.
When validator 156 queries the patient based on the output
of a classifier to confirm an ictal state, the associated data are
then labeled as a non-ictal state (if the patient responds as
such) or as an ictal state if either the patient does not respond
or responds affirmatively. Active learning adds this labeled
data to the training set and retrains one or more of classifiers
153 given the additional data. Classifier 153 (and state
recognizer 152) thus becomes more accurate for each patient
over time—a highly valuable characteristic for wearable
medical devices. Further, as false and true positive data are
recorded for each event, these data may be mined, being
uploaded to a central database, where it may be used to
expand a training database used to establish more accurate
initial parameters for classifier 153 for use with new
patients.

[0064] In one embodiment of active learning from struc-
tured, unlabeled data, structure imposes constraints on
acceptable patterns or evolution of the sensor data; patient-
labeled data provide examples of both positive (ictal) states,
while data temporally far from the seizure event provide
negative examples. A P-expert identifies only false negatives
and an N-expert identifies false positives, and each expert is
subject to making classification errors. A small number of
patient-labeled examples together with a larger number of
structured, unlabeled examples updates a classifier as fol-
lows: (1) train an initial classifier using labeled data; (2)
label unlabeled data with the classifier; (3) identify labels
that contradict constraints; (4) correct those labels and add
them to the training set; (5) retrain the classifier given new
labeled data. In seizure detection, the initial classifier is
trained from the clinical data set, and structure is provided
by labels acquired through interaction with the patient.
Those labels confirm or contradict the label provided by the
initial classifier, and the initial classifier is then retrained
given new labeled data.
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[0065] In summary, system 100:

[0066] (1) is a seizure monitoring device providing an
associated dataset;

[0067] (2) embodies an ensemble of generative and
discriminative machine learning classifiers to detect
and classify seizures from feature vectors derived from
a plurality of non-electroencephalographic sensors;

[0068] (4) incorporates active learning to improve clas-
sification over time based on patient queries; and

[0069] (5) is a monitoring device adapted to be worn on
the body.

Impacts

[0070] System 100 provides benefits to epilepsy patients,
their caregivers and clinicians. Most directly, procedures to
treat refractory epilepsy can be improved, as system 100
provides accurate count of seizures that occur outside of the
clinical environment to clinicians allowing them to select
medications and dosages that reduce seizure severity and
rates while improving quality of life by minimizing side
effects of medications. System 100 also enables a simpler
process to change medication regimens, by providing accu-
rate monitoring of seizures outside of the clinical environ-
ment, lowering the costs and difficulties to the patient and
allowing for more rapid iteration through attempted treat-
ment regimens.

[0071] Automated seizure detection provided by system
100 allows accurate recording of the time, duration, and
measurement of the severity of seizures for patients with
post-ictal amnesia, providing more accuracy than seizure
diaries. System 100 provides neurologists a broad and
accurate record of seizures that occur in their patients during
a normal day, leading to efficient tailoring of therapeutic
regimens to optimize both treatment efficacy and tolerabil-
ity.

[0072] A major concern for epilepsy patients is the con-
sequence of having seizures in the absence of a caregiver—
essentially everywhere outside home or clinic. The world is
a dangerous place if you have no motor control and no
awareness of your surroundings. Bystanders unfamiliar with
epileptic seizures may not realize that the patient needs
short-term protection from harm and possibly medical atten-
tion; this device could provide that information. System 100
also increases the confidence of epilepsy patients (e.g.,
patient 202) and their caregivers by continuous updating of
the state of the patient and notifying caregivers of seizures.
Ultimately, system 100 improves the quality of life of both
parties.

[0073] In an embodiment, the system has a speaker driver
and loudspeaker in at least one module; in this embodiment,
the processor is configured to use the speaker driver and
loudspeaker to announce that the patient is having a seizure
and should be protected from harm. In an alternative
embodiment, in addition to announcing that the patient is
having a seizure, the processor is configured to send a text
message or email to a medical care provider to report the
seizure event.

[0074] System 100 may potentially protect patients from,
and improve the understanding of mechanisms leading to,
status epilepticus (SE) and sudden unexplained death in
epilepsy (SUDEP). SE is the most severe form of epilepsy
with extended seizures and a mortality rate of up to 20%. It
is treated as a medical emergency for seizures lasting longer
than five minutes. By reducing emergency response times,
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system 100 greatly improve SE recovery prognosis. SUDEP
is rarely observed in the clinical setting. Thus, the neuro-
pathological mechanisms and environmental factors contrib-
uting to fatal seizures are largely unknown. By vastly
increasing the observation window and the available dataset
of seizure manifestations, system 100, operating as a wear-
able seizure monitor and recorder, provides key insight into
this epilepsy end-state.
[0075] Finally, system 100 may also be used to monitor
patients who have no prior history of seizures, but have
suffered from a traumatic brain injury. A population study of
seizure events following traumatic brain injury (TBI) shows
that the five-year cumulative probability of seizure events
(extracted from medical records) post-TBI ranged from
0.7% in patients with mild TBI to 10% in severe TBI cases.
As all data are from self-reported or observed seizure events,
it is possible that many seizures within this population go
unreported.
[0076] Beyond epilepsy, there may be far reaching impli-
cations to real-time continuous monitoring of the vital signs
collected by system 100. Patients who suffer from other
neurological disorders, heart disease, hypertension, obesity,
or other chronic diseases may benefit from having vital
statistics data collected and correlated to the riskier episodic
periods of their condition. With additional development,
system 100 may accurately classify accidental falls and
thereby improve trauma-response times for at-risk elderly
and infirmed patients.
[0077] Changes may be made in the above methods and
systems without departing from the scope hereof. It should
thus be noted that the matter contained in the above descrip-
tion or shown in the accompanying drawings should be
interpreted as illustrative and not in a limiting sense. The
following claims are intended to cover generic and specific
features described herein, as well as all statements of the
scope of the present method and system, which, as a matter
of language, might be said to fall therebetween.
What is claimed is:
1. A system for identifying ictal states in a patient,
comprising:
a plurality of non-electroencephalographic sensors each
configured to sense at least one signal from the patient;
the plurality of sensors including non-electroencephalo-
graphic sensors of different types;
a signal processing unit coupled to receive time-series
data from the plurality of sensors and having:

a processor; an output device; and an input device;

a memory storing machine-readable instructions that
when executed by the processor are capable of:
classifying, using a classifier based upon a training

set and implemented by the machine readable

instructions, the time-series data from the plurality

of sensors to determine a probability of the patient

being in an ictal state; and

when the probability is greater than a threshold:

asking the patient if the patient is in an ictal state
using the output device;

if the patient fails to respond to the asking using
the input device or enters a positive reply,
logging occurrence of a seizure;

and

updating the classifier based upon the time-series
data from the plurality of sensors, the probabil-
ity, and the patient response.
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2. The system of claim 1, wherein the classifier imple-
ments ensembles of two or more classifiers selected from the
group consisting of discriminative classifiers and generative
classifiers.

3. The system of claim 1, the memory further comprising
machine readable instructions that when executed by the
processor are capable of updating at least one of the dis-
criminative classifiers and the generative classifiers based
upon at least the time-series data from the first and second
sensors, the probability, and the patient response.

4. The system of claim 3, the first and the second sensors
selected from the group including a photoplethysmographic
(PPG) sensor, an accelerometer, an electrocardiogram
(ECG) sensor, an electromyography sensor (EMG), a micro-
phone, a temperature sensor, an eye-motion sensor, a facial
movement sensor, and a galvanic skin response (GSR)
Sensor.

5. The system of claim 4, the first and second sensors
comprising an ECG sensor and an accelerometer.

6. The system of claim 5, further comprising a third sensor
coupled to the signal processing unit, the third sensor being
selected from the group consisting of a photoplethysmo-
graphic (PPG) sensor, a GSR sensor, a microphone, a
temperature sensor, a facial movement sensor, and an eye-
motion sensor.

7. The system of claim 6 wherein the third sensor is
coupled to the signal processing unit through a short range
digital radio.

8. The system of claim 5, wherein the classifier incorpo-
rates machine readable code for machine learning to
improve reliability of identifying the ictal state for the
patient over time.

9. The system of claim 5, wherein the signal processing
unit comprises a smartphone.

10. The system of claim 1 wherein the processor generates
a report to a caregiver that the patient is in the ictal state if
one of a positive reply and no reply is received in response
to the asking.

11. The system of claim 1, the memory further comprising
machine readable instructions that when executed by the
processor are capable of processing the time-series data
from the first and second sensors to determine at least one
feature vector.
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12. A method for identifying ictal states in a patient,
comprising:

sensing, using at least one wearable module and a plu-

rality of non-electroencephalographic sensors each

configured to sense at least one signal from the patient;

determining, using a classifier trained using a training

dataset, a probability of the patient being in an ictal

state by classifying time-series data from the plurality

of sensors;

when the probability is greater than a threshold:

asking the patient if the patient is in an ictal state using
the output device;

if the patient fails to respond to the asking using the
input device or enters a positive reply, logging occur-
rence of a seizure;

and

updating the classifier based upon the time-series data
from the plurality of sensors, the probability, and the
patient response.

13. The method of claim 12 the classifier comprising an
ensemble of at least two classifiers selected from the group
consisting of discriminative classifiers and generative clas-
sifiers, wherein the step of determining comprises determin-
ing the probability based upon conditional probability of
class labels output by the at least two classifiers selected
from the group consisting of discriminative classifiers and
generative classifiers.

14. The method of claim 12, the step of sensing compris-
ing sensing two or more of photoplethysmographic (PPG)
data, motion data, electrocardiographic (ECG) data, sound
data, temperature data, galvanic skin response (GSR) data,
electromyographic (EMG) data, relative blood pressure
data, oxygen saturation data, respiration rate, facial motion
data, and eye movement data.

15. The method of claim 14, the step of sensing compris-
ing sensing at least ECG data, and accelerometer data.

16. The method of claim 15, the step of sensing compris-
ing sensing eye movement.

17. The method of claim 16, the step of sensing further
comprising sensing facial muscle movement.

18. The method of claim 15, the step of sensing compris-
ing sensing EMG data.
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