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BIOLOGICAL MARKER AND METHODS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Application Ser. No. 62/663,213, filed Apr. 26, 2018.
The disclosure of the prior application is considered part of
(and 1s incorporated by reference in) the disclosure of this
application.

STATEMENT AS TO FEDERALLY SPONSORED
RESEARCH

[0002] This invention was made with government support
under Grant No. EB019804 awarded by the National Insti-
tutes of Health. The Government has certain rights in the
invention.

TECHNICAL FIELD

[0003] This invention relates to biological markers, and
more particularly to methods and systems, including no-
invasive methods and systems, for monitoring biological
markers for neurologic diseases and methods and systems
for determining brain-periphery temporal associations use-
ful as biomarkers. This invention also relates to a behavioral
state-independent representation of cardiac activity, and
more particularly to systems and methods for generating the
behavioral state-independent representation of cardiac activ-
ity, and use of the behavioral state-independent representa-
tion of cardiac activity in methods of identifying cardiac
events and brain-periphery, e.g., brain-cardiac, temporal
associations useful as biomarkers.

BACKGROUND

[0004] Biological markers, or biomarkers, can provide
objective, measurable, and reproducible indications of
physiological state, including disease development, progres-
sion, phenotype, prognosis, interventional outcomes, and
other factors.

[0005] For many neurologic diseases, such as acquired
epilepsies, science has not yet produced reliable biomarkers.
Measurement and observation of known brain biomarkers
for some neurologic diseases with known biomarkers is
often invasive and costly. Many neurologic diseases develop
over long periods of time, yet methods and systems for long
term monitoring of neurologic disease biomarkers remains
impractical or unreliable.

[0006] Cardiac measurements have been investigated as
potential biomarkers of neurologic diseases. However, the
behavioral-state dependence of available cardiac measure-
ments limits the applicability of such measurements. Some
available cardiac measurements require limited-time moni-
toring, limited behavioral state monitoring, and have low
resolution (averaging across multiple heart beats).

SUMMARY

[0007] This document provides methods, including, in
some implementations, non-invasive methods, and systems
for monitoring biological markers of neurologic diseases in
a mammal. In some implementations, the methods and
systems are based on the interaction, temporal association,
or coincidence of brain activity and periphery activity in a
mammal.

Oct. 31,2019

[0008] This document also provides a behavioral state-
independent representation of cardiac activity that can be
used in systems and methods for identifying cardiac events
and brain-periphery, e.g., brain-cardiac, temporal associa-
tions useful as biomarkers of neurologic disease in a mam-
mal. This document also provides methods and systems for
generating a behavioral state-independent representation of
cardiac activity.

[0009] Some exemplary methods described herein include
computer-implemented methods for generating a behavioral
state-independent representation of cardiac activity, com-
puter-implemented methods for determining a brain-periph-
ery temporal association between target brain activity and
target periphery activity, methods for identifying statistically
significant cardiac events in a mammal, methods for esti-
mating the risk of occurrence of a physiological event,
methods for preventing physiological events, methods for
evaluating the effectiveness of an intervention measure, and
methods for detecting brain-periphery coincidence in a
mammal.

[0010] Some exemplary systems and devices useful in
implementing one or more of these methods and other
methods include computer systems, computer-readable
media, physiological sensing systems, and physiological
event warning systems.

[0011] The subject matter disclosed herein includes com-
puter-implemented methods. The methods can be performed
by systems of one or more computers in one or more
locations. In some aspects, the systems have one or more
processors and one or more computer-readable media
encoded with instructions that, when executed by the one or
more processors, cause the processors to perform the
method. Some aspects include just the computer-readable
media encoded with instructions that cause performance of
the method when executed.

[0012] In one aspect, a method is provided for character-
izing heart fluctuations, comprising: receiving, by at least
one device, physiological data that describes cardiac activity
of a mammal over a period of time, wherein the at least one
device comprises a computer-processor and computer-
memory; identifying, by the at least one device, two or more
reference points in the physiological data; determining, by
the at least one device, one or more intervals wherein each
interval is an interval between a unique set of two of the
reference points; processing, by the at least one device, the
one or more intervals to generate one or more cardiac
activity feature representations, wherein a distribution of the
cardiac activity feature representations of the mammal over
the period of time is independent of the mammal’s behav-
ioral state during the period of time, wherein processing the
one or more intervals comprises determining for each inter-
val a discrete estimate of the logarithmic derivative of the
one or more intervals at a selected reference time, propor-
tional to the difference in the interval before and after each
selected reference time determined over a first time window,
normalized by the average interval over a second time
window, and wherein processing the one or more intervals
comprises determining dInRR at any time, T, using first
window length T, and second window length t,, according
to the equation:
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a1 RRL (T +71/2) ~ RRI, (T - 0,/)
dinRR(T);, o, = . RRI,(T)
wherein
RRIL (T) = Niwe, (1)
RRI,(T) = Niwey (1)

Negz (1) 4 fractional number of intervals [T—72, T +1;/2],

and wherein the fractional number of intervals include
partial intervals that remain inside the first or second time
windows; and providing, by the at least one device, an
indication of the cardiac activity feature representations of
the mammal over the period of time.

[0013] This and other implementations can optionally
further include one or more of the following features. The
method can further comprise processing, by the at least one
device, the cardiac activity feature representations to gen-
erate an estimated distribution of the cardiac activity feature
representations of the mammal over the period of time;
providing, by the at least one device, an indication of the
distribution of the cardiac activity feature representations of
the mammal over the period of time; identifying, by the at
least one device, a threshold range within the distribution
based on the distribution; providing, by the at least one
device, an indication of the threshold range; identifying, by
the at least one device, one or more cardiac activity feature
representations that are outside of a predetermined range in
the distribution to generate a set of one or more target
cardiac activity feature representations; and providing, by
the at least one device, an indication of the one or more
target cardiac activity feature representations outside of the
predetermined range in the distribution. Each of the one or
more target cardiac activity feature representations can
describe a single heartbeat of the mammal. The physiologi-
cal data can be ECG data and the reference points can
correspond to one or more morphological feature represen-
tations of an ECG of the mammal. The morphological
feature representations can be selected from a T-wave peak,
a P-wave peak, a R-wave peak, an onset of a P-wave, an
onset of Q, and an end of a T-wave. At least one of the two
or more reference points can be representative of at least one
feature of a QRS complex or at least one feature within a
QRS complex of the mammal. The reference points can be
R wave peaks. The one or more intervals can include at least
one RR interval. T, can be greater than or equal to 100 ms.
T, can be greater than or equal to 1 second. T, can be about
0.5 seconds and T, can be about 1 second. T, can be from
about 10 to about 20 seconds and T, can be about 30 seconds.
The mammal can be human, mouse, or rat.

[0014] In another aspect, a method is provided for esti-
mating the risk of occurrence of a physiological event in a
mammal prior to the occurrence of the physiological event,
comprising: obtaining brain activity data that describes brain
activity of the mammal over a first period of time; obtaining
peripheral activity data that describes peripheral activity of
the mammal over a second period of time; receiving, by at
least one device, brain data from a brain activity measure-
ment device that describes brain activity of a mammal over
the first period of time; receiving, by the at least one device,
periphery data from a peripheral activity measurement

Oct. 31,2019

device that describes peripheral activity of a mammal over
the second period of time; generating, by the at least one
device, one or more brain feature representations based on
the brain data; generating, by the at least one device, one or
more periphery feature representations based on the periph-
ery data; generating, by the at least one device, one or more
brain statistical distributions of the one or more brain feature
representations; generating, by the at least one device, one or
more periphery statistical distributions of the one or more
periphery feature representations; identifying, by the at least
one device, one or more brain feature representations that
fall outside of a predetermined range in the brain statistical
distribution to generate a set of one or more target brain
feature representations; identifying, by the at least one
device, one or more periphery feature representations that
fall outside of a predetermined range in the periphery
statistical distribution to generate a set of one or more target
periphery feature representations; determining, by the at
least one device, a brain-periphery temporal association
between the one or more target brain feature representations
and the one or more target periphery feature representations;
determining, by the at least one device, an estimate of risk
of a future physiological event based on the brain-periphery
temporal association; and providing, by the at least one
device, an indication of the estimate of risk of the future
physiological event.

[0015] This and other implementations can optionally
further include one or more of the following features. The
periphery data can be ECG data; receiving the periphery
data can comprise receiving, by at least one device, physi-
ological data that describes cardiac activity of a mammal
over a period of time; identifying, by the at least one device,
two or more reference points in the physiological data;
determining, by the at least one device, one or more intervals
wherein each interval is an interval between a unique set of
two of the reference points; processing, by the at least one
device, the one or more intervals to generate one or more
cardiac activity feature representations, wherein a distribu-
tion of the cardiac activity feature representations of the
mammal over the period of time is independent of the
mammal’s behavioral state during the period of time,
wherein processing the one or more intervals comprises
determining for each interval a discrete estimate of the
logarithmic derivative of the one or more intervals at a
selected reference time, proportional to the difference in the
interval before and after each selected reference time deter-
mined over a first time window, normalized by the average
interval over a second time window, and wherein processing
the one or more intervals comprises determining dlnRR at
any time, T, using first window length T, and second window
length T,, according to the equation:

JInRR(T) def iWTI(TH'l/Z)—WTI(T—TI/Z)
T g RRI,(T)

wherein
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-continued

Nz (T) “ fractional number of intervals e [T—7;/2, T +1;/2],

and wherein the fractional number of intervals include
partial intervals that remain inside the first or second time
windows. The brain activity data can be EEG data and the
EEG data can be EEG line length data. The periphery data
can be ECG data; receiving the periphery data can comprise
receiving, by at least one device, physiological data that
describes cardiac activity of a mammal over a period of
time; identifying, by the at least one device, two or more
reference points in the physiological data; determining, by
the at least one device, one or more intervals wherein each
interval is an interval between a unique set of two of the
reference points; processing, by the at least one device, the
one or more intervals to generate one or more cardiac
activity feature representations, wherein a distribution of the
cardiac activity feature representations of the mammal over
the period of time is independent of the mammal’s behav-
ioral state during the period of time, wherein processing the
one or more intervals comprises determining for each inter-
val a discrete estimate of the logarithmic derivative of the
one or more intervals at a selected reference time, propor-
tional to the difference in the interval before and after each
selected reference time determined over a first time window,
normalized by the average interval over a second time
window, and wherein processing the one or more intervals
comprises determining dInRR at any time, T, using first
window length T, and second window length t,, according
to the equation:

T T
RRT (T + L)~ RRI,, (1- 2
anrr(Ty, 4L ull+5)- R, (- 5)

gy RRI,(T)
wherein
REI.(T) = — 1
R _NRR,TI (T)
REI,,(T) = — 2
2 Nige, (T)

Negr; (T) 4 fractional number of intervals e[T-7/2,T+7;/2],

and wherein the fractional number of intervals include
partial intervals that remain inside the first or second time
windows; and providing, by the at least one device, an
indication of the cardiac activity feature representations of
the mammal over the period of time; and the physiological
event can be selected from the onset of acquired epilepsy, a
seizure, and sudden unexpected death in epilepsy (SUDEP).
The mammal can be human, mouse, or rat.

[0016] In one aspect, a computer-implemented method is
provided, comprising receiving, by a system of one or more
computers, physiological data that describes cardiac activity
of a mammal over a period of time; identifying, by the
system, two or more reference points in the physiological
data; determining, by the system, one or more intervals
wherein each interval is an interval between a unique set of
two of the reference points; processing, by the system, the
one or more intervals to generate one or more cardiac
activity feature representations, wherein a distribution of the
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cardiac activity feature representations of the mammal over
the period of time is independent of the mammal’s behav-
ioral state during the period of time; and providing, by the
system, an indication of the cardiac activity feature repre-
sentations of the mammal over the period of time.

[0017] In another aspect, one or more non-transitory com-
puter-readable media are provided, encoded with instruc-
tions that, when executed by one or more processors of a
system, cause the one or more processors to perform opera-
tions comprising receiving, by a system of one or more
computers, physiological data that describes cardiac activity
of a mammal over a period of time; identifying, by the
system, two or more reference points in the physiological
data; determining, by the system, one or more intervals
wherein each interval is an interval between a unique set of
two of the reference points; processing, by the system, the
one or more intervals to generate one or more cardiac
activity feature representations, wherein a distribution of the
cardiac activity feature representations of the mammal over
the period of time is independent of the mammal’s behav-
ioral state during the period of time; and providing, by the
system, an indication of the cardiac activity feature repre-
sentations of the mammal over the period of time.

[0018] These and other implementations can optionally
further include one or more of the following features.
[0019] The method or operations can further comprise
processing, by the system, the cardiac activity feature rep-
resentations to generate an estimated distribution of the
cardiac activity feature representations of the mammal over
the period of time; and providing, by the system, an indi-
cation of the distribution of the cardiac activity feature
representations of the mammal over the period of time. The
method or operations can further comprise identifying, by
the system, a threshold range within the distribution based
on the distribution; and providing, by the system, an indi-
cation of the threshold range. The method or operations can
further comprise identifying, by the system, one or more
cardiac activity feature representations that are outside of a
predetermined range in the distribution to generate a set of
one or more target cardiac activity feature representations;
and providing, by the system, an indication of the one or
more target cardiac activity feature representations outside
of the predetermined range in the distribution. The method
or operations can further comprise quantifying, by the
system, the magnitude of the one or more target cardiac
activity feature representations; and providing, by the sys-
tem, an indication of the magnitude of the one or more target
cardiac activity feature representations. The method or
operations can further comprise quantifying, by the system,
the frequency of the one or more target cardiac activity
feature representations; and providing, by the system, an
indication of the frequency of the one or more target cardiac
activity feature representations. The method or operations
can further comprise providing, by the system, a plot of the
magnitude of the one or more target cardiac activity feature
representations over the period of time. The method or
operations can further comprise providing, by the system, a
plot of the frequency of the one or more target cardiac
activity feature representations over the period of time.
[0020] The predetermined range can be based on the
threshold range. The predetermined range can be the thresh-
old range.

[0021] Each of the one or more target cardiac activity
feature representations can describe a single heartbeat of the
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mammal. The physiological data can be representative of an
electrophysiologic pattern of the cardiac function of the
mammal. The physiological data can be selected from
electrocardiogram (ECG) data, blood pressure data, and
photoplethysmography (PPG) data. The physiological data
can be ECG data and wherein the reference points corre-
spond to one or more morphological feature representations
of an ECG of the mammal. The morphological feature
representations can be selected from a T-wave peak, a
P-wave peak, a R-wave peak, an onset of a P-wave, an onset
of Q, and an end of a T-wave.

[0022] Insome implementations, at least one of the two or
more reference points can be representative of at least one
feature of a QRS complex or at least one feature within a
QRS complex of the mammal. In some implementations, the
reference points can be R wave peaks. In some implemen-
tations, the one or more intervals include at least one RR
interval.

[0023] Insome implementations, the one or more intervals
can be selected from an interval between two successive
reference points and an interval between two successive like
reference points. In some implementations, the period of
time can range from about 15 minutes to about 200 days.
[0024] In some implementations, processing the one or
more intervals can comprise determining for each interval a
discrete estimate of the logarithmic derivative of the one or
more intervals at a selected reference time, proportional to
the difference in the interval before and after each selected
reference time determined over a first time window, nor-
malized by the average interval over a second time window.
In some implementations, the first time window can be at
least 100 ms. In some implementations, the first time win-
dow is at least 1 second. In some implementations, the first
time window is selected from a window of from about 100
ms to about 500 ms and a window of from about 750 ms to
about 5000 ms. In some implementations, the second time
window is greater than first time window. In some imple-
mentations, the second time window is twice the length of
the first time window. In some implementations, the first and
second time windows are sliding time windows.

[0025] In some implementations, the mammal is human.
In some implementations, mouse. In some implementations,
the mammal is rat.

[0026] In another aspect, a computing system is provided,
comprising one or more processors; and one or more com-
puter-readable media as described herein.

[0027] In another aspect, a system is provided, comprising
one or more electrodes for recording electrocardiographic
(ECG) signals from a mammal; and a computing system as
described herein.

[0028] In another aspect, a method is provided for iden-
tifying statistically significant cardiac events in a mammal
over a period of time, wherein the cardiac events are
independent of the mammal’s behavioral state during the
period of time, the method comprising obtaining physiologi-
cal data that describes cardiac activity of the mammal over
a period of time; receiving, by a system of one or more
computers, the physiological data that describes cardiac
activity of a mammal over a period of time; identifying, by
the system, two or more reference points in the representa-
tion of cardiac activity; determining, by the system, one or
more intervals wherein each interval is an interval between
a unique set of two of the reference points; processing, by
the system, the one or more intervals to generate one or more
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cardiac activity feature representations, wherein a distribu-
tion of the cardiac activity feature representations of the
mammal over the period of time is independent of the
mammal’s behavioral state during the period of time; pro-
cessing, by the system, the cardiac activity feature repre-
sentations to generate an estimated distribution of the car-
diac activity feature representations of the mammal over the
period of time; identifying, by the system, one or more
cardiac activity feature representations that are outside of a
predetermined range in the distribution to generate a set of
one or more target cardiac activity feature representations;
and providing, by the system, an indication of the one or
more target cardiac activity feature representations outside
of the predetermined range in the distribution.

[0029] In some implementations, the method further
includes quantifying, by the system, the magnitude of the
one or more target intervals. In some implementations,
processing the one or more intervals includes determining
for each of one or more selected reference times a discrete
estimate of the logarithmic derivative of the one or more
intervals at the selected reference time, proportional to the
difference in the interval before and after each selected
reference time determined over a first time window, nor-
malized by the average interval over a second time window.
[0030] Insome implementations of the method, the physi-
ological data is selected from electrocardiogram (ECG) data,
blood pressure data, and photoplethysmography (PPG) data.
In some implementations, the physiological data was
obtained one or more physiologic sensors that are integrated
with or communicatively coupled to a smartphone, a tablet
computer, a watch body, a watch band, or a wearable patch.
[0031] In another aspect, a computer-implemented
method, comprising receiving, by a system of one or more
computers, brain data from a brain activity measurement
device that describes brain activity of a mammal over a first
period of time; receiving, by the system, periphery data from
a peripheral activity measurement device that describes
peripheral activity of a mammal over a second period of
time; generating, by the system, one or more brain feature
representations based on the brain data; generating, by the
system, one or more periphery feature representations based
on the periphery data; generating, by the system, one or
more brain statistical distributions of the one or more brain
features; generating, by the system, one or more periphery
statistical distributions of the one or more periphery feature
representations; identifying, by the system, one or more
brain feature representations that fall outside of a predeter-
mined range in the brain statistical distribution to generate a
set of one or more target brain feature representations;
identifying, by the system, one or more periphery feature
representations that fall outside of a predetermined range in
the periphery statistical distribution to generate a set of one
or more target periphery feature representations; determin-
ing, by the system, a brain-periphery temporal association
between the one or more target brain feature representations
and the one or more target periphery feature representations;
and providing, by the system, an indication of the temporal
association.

[0032] Inanother aspect, one or more non-transitory com-
puter-readable media encoded with instructions that, when
executed by one or more processors of a system, cause the
one or more processors to perform operations comprising
receiving, by a system of one or more computers, brain data
from a brain activity measurement device that describes
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brain activity of a mammal over a first period of time;
receiving, by the system, periphery data from a peripheral
activity measurement device that describes peripheral activ-
ity of a mammal over a second period of time; generating,
by the system, one or more brain feature representations
based on the brain data; generating, by the system, one or
more periphery feature representations based on the periph-
ery data; generating, by the system, one or more brain
statistical distributions of the one or more brain features;
[0033] generating, by the system, one or more periphery
statistical distributions of the one or more periphery feature
representations; identifying, by the system, one or more
brain feature representations that fall outside of a predeter-
mined range in the brain statistical distribution to generate a
set of one or more target brain feature representations;
identifying, by the system, one or more periphery feature
representations that fall outside of a predetermined range in
the periphery statistical distribution to generate a set of one
or more target periphery feature representations; determin-
ing, by the system, a brain-periphery temporal association
between the one or more target brain feature representations
and the one or more target periphery feature representations;
and providing, by the system, an indication of the temporal
association.

[0034] These and other implementations can optionally
further include one or more of the following features.
[0035] The method or operations can further comprise
determining, by the system, a quantification of the brain-
periphery temporal association; and providing, by the sys-
tem, an indication of the quantification of the brain-periph-
ery temporal association. The method or operations can
further comprise determining a brain-periphery coincidence
rate of one or more target brain feature representations and
one or more target periphery feature representations; and
providing, by the system, and indication of the brain-
periphery coincidence.

[0036] In some implementations, determining the tempo-
ral association can comprise comparing all brain feature-
periphery feature pairs of one or more target brain feature
representations and one or more target periphery feature
representations. In some implementations, comparing all
brain feature-periphery feature pairs can comprise compar-
ing brain feature-periphery feature pairs within a predeter-
mined time window. In some implementations, the prede-
termined time window can be from about 10 ms to about 2
seconds.

[0037] In some implementations, determining the tempo-
ral association comprises selecting one or more target brain
feature representations; identifying a predetermined target
time window around each of the selected brain feature
representations; and determining the incidence of one or
more target periphery feature representations within each
predetermined time window. In some implementations, the
predetermined time window can be from about 10 ms to
about 2 seconds.

[0038] The method or operations can further comprise
receiving, by the system, data from a physiological mea-
surement device confirming the occurrence of a physiologi-
cal event. The method or operations can further comprise
determining, by the system, an association between the
physiological event and the brain-periphery temporal asso-
ciation. The method or operations can further comprise
providing, by the system, a quantification of the association
between the physiological event and the brain-periphery

Oct. 31,2019

temporal association. The method or operations can further
comprise determining, by the system, a modified predeter-
mined range for the brain statistical distribution based on at
least one of the quantification of the brain-periphery tem-
poral association and the quantification of the association
between the physiological event and the brain-periphery
temporal association. The method or operations can further
comprise determining, by the system, a modified predeter-
mined range for the periphery statistical distribution based
on at least one of the quantification of the brain-periphery
temporal association and the quantification of the associa-
tion between the physiological event and the brain-periphery
temporal association.

[0039] The method or operations can further comprise
receiving, by a system of one or more computers, brain data
from a brain activity measurement device that describes
brain activity of a mammal over a first period of time;
receiving, by the system, periphery data from a peripheral
activity measurement device that describes peripheral activ-
ity of a mammal over a second period of time; identifying,
by the system, one or more brain feature representations
within the brain data; identifying, by the system, one or more
periphery feature representations within the periphery data;
generating, by the system, one or more brain statistical
distributions of the one or more brain feature representa-
tions; generating, by the system, one or more periphery
statistical distributions of the one or more periphery feature
representations; identifying, by the system, one or more
brain feature representations that fall outside of the modified
predetermined range in the brain statistical distribution to
generate a set of one or more target brain feature represen-
tations; identifying, by the systen, one or more periphery
feature representations that fall outside of the modified
predetermined range in the periphery statistical distribution
to generate a set of one or more target periphery feature
representations; determining, by the system, a brain-periph-
ery temporal association between the one or more target
brain feature representations and the one or more target
periphery feature representations; and providing, by the
system, an indication of the temporal association.

[0040] In some implementations, the one or more periph-
ery statistical distribution can be independent of behavioral
state.

[0041] The method or operations can further comprise
providing, by the system, an estimate of risk of a future
physiological event based on the brain-periphery temporal
association. The method or operations can further comprise
providing, by the system, an estimate of risk of a future
physiological event based on the quantification of the brain-
periphery temporal association. The method or operations
can further comprise providing, by the system, a plot of the
magnitude of the brain-periphery temporal association over
the period of time. The method or operations can further
comprise providing, by the system, a plot of the frequency
of the brain-periphery temporal association over the period
of time. The method or operations can further comprise
providing, by the system, an estimate of risk of a future
physiological event based on a trend in the magnitude of
brain-periphery temporal association. The method or opera-
tions can further comprise providing, by the system, an
estimate of risk of a future physiological event based on a
trend in the frequency of the brain-periphery temporal
association. The method or operations can further comprise
providing, by the system, an estimate of the magnitude of a
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future physiological event based on the trend in the brain-
periphery temporal association.

[0042] In some implementations, the brain activity data
can be selected from electroencephalography (EEG) data
and electrocorticography (ECoG) data. In some implemen-
tations, the brain activity data is EEG data and the EEG data
is EEG line length data. In some implementations, the
periphery activity data can be selected from cardiac data,
muscle movement data, nerve activity data, pupil dilation
data, and body movement data. In some implementations,
the periphery data is cardiac data and the cardiac data is
selected from electrocardiogram (ECG) data, blood pressure
data, and photoplethysmography (PPG) data. In some imple-
mentations, the periphery data is ECG data and wherein
receiving the periphery data comprises a computer-imple-
mented method described herein, such as receiving, by a
system of one or more computers, physiological data that
describes cardiac activity of a mammal over a period of
time; identifying, by the system, two or more reference
points in the physiological data; determining, by the system,
one or more intervals wherein each interval is an interval
between a unique set of two of the reference points; pro-
cessing, by the system, the one or more intervals to generate
one or more cardiac activity feature representations, wherein
a distribution of the cardiac activity feature representations
of the mammal over the period of time is independent of the
mammal’s behavioral state during the period of time; and
providing, by the system, an indication of the cardiac
activity feature representations of the mammal over the
period of time.

[0043] In some implementations, the periphery data is
muscle movement data and the muscle movement data is
selected from electromyography (EMG) data, and limb or
hand acceleration data. In some implementations, the
periphery data is EMG data and the EMG data is stomach
EMG data. In some implementations, the periphery data is
nerve activity data and the nerve activity data is selected
from nerve conduction data, and vagal nerve activity data. In
some implementations, the periphery data is body move-
ment data and the body movement data is selected from hand
acceleration data, limb acceleration data, and perspiration
data.

[0044] In some implementations, the physiological event
is selected from the onset of acquired epilepsy, an epileptic
seizure, sudden unexpected death in epilepsy (SUDEP),
hydrocephalous, sepsis, and onset of cerebral palsy.

[0045] In another aspect, a computing system is provided,
comprising one or more processors; and one or more com-
puter-readable media as described herein. In another aspect,
a system is provided comprising a device for recording brain
activity data from a mammal; a device for recording periph-
eral activity from a mammal; and a computing system
described herein.

[0046] In another aspect, a method for estimating the risk
of occurrence of a physiological event in a mammal prior to
the occurrence of the physiological event, comprising
obtaining brain activity data that describes brain activity of
the mammal over a first period of time; obtaining peripheral
activity data that describes peripheral activity of the mam-
mal over a second period of time; receiving, by a system of
one or more computers, brain data from a brain activity
measurement device that describes brain activity of a mam-
mal over the first period of time; receiving, by the system,
periphery data from a peripheral activity measurement
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device that describes peripheral activity of a mammal over
the second period of time; generating, by the system, one or
more brain feature representations based on the brain data;
generating, by the system, one or more periphery feature
representations based on the periphery data; generating, by
the system, one or more brain statistical distributions of the
one or more brain feature representations; generating, by the
system, one or more periphery statistical distributions of the
one or more periphery feature representations; identifying,
by the system, one or more brain feature representations that
fall outside of a predetermined range in the brain statistical
distribution to generate a set of one or more target brain
feature representations; identifying, by the system, one or
more periphery feature representations that fall outside of a
predetermined range in the periphery statistical distribution
to generate a set of one or more target periphery feature
representations; determining, by the system, a brain-periph-
ery temporal association between the one or more target
brain feature representations and the one or more target
periphery feature representations; determining, by the sys-
tem, an estimate of risk of a future physiological event based
on the brain-periphery temporal association; and providing,
by the system, an indication of the estimate of risk of the
future physiological event.

[0047] The method can further comprise determining, by
the system, a quantification of the brain-periphery temporal
association; wherein providing the estimate of risk of a
future physiological event is based on the quantification of
the brain-periphery temporal association. The method can
further comprise determining, by the system, an estimate of
the timing of a future physiological event based on the
brain-periphery temporal association; and providing an indi-
cation of the estimate of the timing of the future physiologi-
cal event. The method can further comprise determining, by
the system, an estimate of the timing of a future physiologi-
cal event based on the quantification of the brain-periphery
temporal association; and providing an indication of the
estimate of the timing of the future physiological event.
[0048] In some implementations, the periphery statistical
distribution is independent of behavioral state. In some
implementations, the brain activity data is electroencepha-
lography (EEG) data. In some implementations, the brain
activity data is EEG data and the EEG data is EEG line
length data.

[0049] In some implementations, the periphery activity
data is selected from cardiac data, muscle movement data,
nerve activity data, pupil dilation data, and body movement
data. In some implementations, the periphery data is cardiac
data and the cardiac data is selected from electrocardiogram
(ECG) data, blood pressure data, and photoplethysmography
(PPG) data. In some implementations, the periphery data is
muscle movement data and the muscle movement data is
selected from electromyography (EMG) data and limb or
hand acceleration data. In some implementations, the
periphery data is EMG data and the EMG data is stomach
EMG data. In some implementations, the periphery data is
nerve activity data and the nerve activity data is selected
from nerve conduction data, and vagal nerve activity data. In
some implementations, the periphery data is body move-
ment data and the body movement data is selected from hand
acceleration data, limb acceleration data, and perspiration
data.

[0050] In some implementations, the physiological event
is selected from the onset of acquired epilepsy, an epileptic
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seizure, sudden unexpected death in epilepsy (SUDEP),
hydrocephalous, sepsis, and onset of cerebral palsy.

[0051] In some implementations, the periphery data is
ECG data; receiving the periphery data comprises a method
described herein; and the physiological event is selected
from the onset of acquired epilepsy, an epileptic seizure, and
sudden unexpected death in epilepsy (SUDEP).

[0052] In some implementations, the peripheral activity
data was obtained from a peripheral activity measurement
device that is integrated with or communicatively coupled to
a smartphone, a tablet computer, a watch body, a watch
band, or a wearable patch.

[0053] The method can further comprise displaying, on a
display device, an output indicative of the estimate of risk of
the physiological event. The method can further comprise
displaying, on a display device, an output indicative of the
estimate of risk of the physiological event.

[0054] In another aspect, a seizure advisory system is
provided, comprising one or more electrodes for recording
electroencephalographic (EEG) signals from a mammal; one
or more devices for recording cardiac data from a mammal,
and a computing system comprising one or more processors;
and one or more computer-readable media encoded with
instructions that, when executed by the one or more proces-
sors, cause the one or more processors to perform operations
comprising: receiving, by the system, EEG data from the
mammal over a first period of time; receiving, by the system,
cardiac data from the mammal over a second period of time;
generating, by the system, one or more EEG feature repre-
sentations based on the EEG data; generating, by the system,
one or more cardiac feature representations based on the
cardiac data; generating, by the system, one or more EEG
statistical distributions of the one or more EEG feature
representations; generating, by the system, one or more
cardiac statistical distributions of the one or more cardiac
feature representations according methods described herein;
identifying, by the system, one or more EEG feature repre-
sentations that fall outside of a predetermined range in the
EEG statistical distribution to generate a set of one or more
target EEG feature representations; identifying, by the sys-
tem, one or more cardiac feature representations that fall
outside of a predetermined range in the cardiac statistical
distribution to generate a set of one or more target cardiac
feature representations; determining, by the system, a brain-
cardiac temporal association between the one or more EEG
feature representations and the one or more cardiac feature
representations; determining, by the system, an estimate of
risk of a future seizure based on the brain-cardiac temporal
association; and providing, by the system, an automatic
warning based on the estimated risk of a future seizure.
[0055] In some implementations, the one or more com-
puter-readable media cause the one or more processors to
perform operations further comprising determining, by the
system, a quantification of the brain-periphery temporal
association, wherein providing the estimate of risk of a
future physiological event is based on the quantification of
the brain-periphery temporal association.

[0056] In some implementations, the one or more com-
puter-readable media cause the one or more processors to
perform operations further comprising determining, by the
system, an estimate of the timing of a future physiological
event based on the brain-periphery temporal association; and
providing an automatic warning indicating the estimate of
the timing of the future physiological event.
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[0057] In some implementations, the one or more com-
puter-readable media cause the one or more processors to
perform operations further comprising determining, by the
system, an estimate of the timing of a future physiological
event based on the quantification of the brain-periphery
temporal association; and providing an automatic warning
indicating the estimate of the timing of the future physi-
ological event.

[0058] In some implementations, the one or more cardiac
statistical distributions are independent of behavioral state.
In some implementations, the one or more devices for
recording cardiac data comprise one or more electrodes for
recording electrocardiographic (ECG) signals from a mam-
mal; one or more blood pressure sensors, one or more optical
sensors for recording photoplethysmography (PPG) data
from a mammal. In some implementations, the EEG data is
EEG line length data.

[0059] In some implementations, at least one of the EEG
data and the cardiac data is obtained from one or more
physiologic sensors that are integrated with or communica-
tively coupled to a smartphone, a tablet computer, a watch
body, a watch band, or a wearable patch.

[0060] In another aspect, a method of preventing a physi-
ological event is provided, comprising estimating the risk of
occurrence of a physiological event in a mammal according
to methods described herein; and applying at least one
intervention measure that is commensurate with the preven-
tion of the physiological event.

[0061] In some implementations, estimating the risk and
applying the intervention measure are performed automati-
cally. In some implementations, the physiological event is
the onset of acquired epilepsy and the at least on intervention
measure is an anti-epileptogenesis therapy. In some imple-
mentations, the physiological event is an epileptic seizure
and the at least on intervention measure is an anti-epileptic
drug (AED).

[0062] In another aspect, a method of evaluating the
effectiveness of an intervention measure is provided, com-
prising estimating the risk of occurrence of a physiological
event in a mammal according to methods described herein;
applying at least one intervention measure that is commen-
surate with the prevention of the physiological event; and
determining the effectiveness of the intervention measure.
[0063] In some implementations, estimating the risk and
apply the intervention measure are performed automatically.
In some implementations, the physiological event is the
onset of acquired epilepsy and the at least on intervention
measure is an anti-epileptogenesis therapy. In some imple-
mentations, the physiological event is an epileptic seizure
and the at least on intervention measure is an anti-epileptic
drug (AED).

[0064] In another aspect, a method for detecting a brain-
periphery coincidence in a mammal is provided, comprising
obtaining brain activity data that describes brain activity of
the mammal over a period of time; obtaining peripheral
activity data that describes peripheral activity of the mam-
mal over a period of time; processing the peripheral activity
data to generate independent peripheral activity data that is
independent of behavioral state; and using a machine-
learning model to detect presence of a brain-periphery
coincidence in the mammal based on the brain activity data
and the peripheral activity data.

[0065] Insome implementations of the methods described
herein, processing the one or more intervals comprises
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determining dInRR at any time, T, using first window length
T, and second window length t,, according to the equation:

4y 1 FRI (T4 ) = RRT, (7= )
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and wherein the fractional number of intervals include
partial intervals that remain inside the first or second time
windows. In some implementations, T, is greater than or
equal to 100 ms. In some implementations, T, is greater than
or equal to 1 second. In some implementations, T, is about
0.5 seconds and T, is about 1 second. In some implementa-
tions, T, is from about 10 to about 20 seconds and T, is about
30 seconds.

[0066] Inanother aspect, a computer-implemented method
is provided, comprising receiving, by a system of one or
more computers, brain data from a brain activity measure-
ment device that describes brain activity of a mammal over
a first period of time; receiving, by the system, periphery
data from a peripheral activity measurement device that
describes peripheral activity of a mammal over a second
period of time; generating, by the system, one or more brain
feature representations based on the brain data; generating,
by the system, one or more periphery feature representations
based on the periphery data; generating, by the system, one
or more brain statistical distributions of the one or more
brain features; generating, by the system, one or more
periphery statistical distributions of the one or more periph-
ery feature representations; identifying, by the system, one
or more brain feature representations that fall outside of a
predetermined range in the brain statistical distribution to
generate a set of one or more target brain feature represen-
tations; identifying, by the systeni, one or more periphery
feature representations that fall outside of a predetermined
range in the periphery statistical distribution to generate a set
of one or more target periphery feature representations;
identifying, by the system, a probability of the one or more
target periphery feature representations within a defined
time window of one or more of the target brain feature
representations to generate an estimated cumulative prob-
ability distribution; determining, by the system a brain-
periphery temporal association between the one or more
target brain feature representations and the one or more
target periphery feature representations based on the esti-
mated cumulative probability distribution; and providing, by
the system, an indication of the temporal association.

[0067] Inanother aspect, a computer-implemented method
is provided, comprising receiving, by a system of one or
more computers, brain data from a brain activity measure-
ment device that describes brain activity of a mammal over
a first period of time; receiving, by the system, periphery
data from a peripheral activity measurement device that
describes peripheral activity of a mammal over a second
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period of time; generating, by the system, one or more brain
feature representations based on the brain data; generating,
by the system, one or more periphery feature representations
based on the periphery data; generating, by the system, one
or more brain statistical distributions of the one or more
brain features; generating, by the system, one or more
periphery statistical distributions of the one or more periph-
ery feature representations; identifying, by the system, one
or more brain feature representations that fall outside of a
predetermined range in the brain statistical distribution to
generate a set of one or more target brain feature represen-
tations; identifying, by the systen, one or more periphery
feature representations that fall outside of a predetermined
range in the periphery statistical distribution to generate a set
of one or more target periphery feature representations;
identifying, by the system, a probability of the one or more
target brain feature representations within a defined time
window of one or more of the target periphery feature
representations to generate an estimated cumulative prob-
ability distribution; determining, by the system a brain-
periphery temporal association between the one or more
target brain feature representations and the one or more
target periphery feature representations based on the esti-
mated cumulative probability distribution; and providing, by
the system, an indication of the temporal association.
[0068] The systems and methods described herein provide
several advantages. First, the systems and methods are
non-invasive in comparison to traditional methods for
observing brain biomarkers. This aspect also decreases the
cost of the methods and systems described herein as com-
pared to traditional methods.

[0069] Second, some implementations of the systems and
methods described herein provide behavioral state-indepen-
dent representations of disease biomarkers and therefore
allow for long-term monitoring of physiological factors, or
biomarkers, providing a more complete and meaningful
view of disease state, phenotype, and prognosis than tradi-
tional methods. Because traditional methods lack the behav-
ioral state-independence, such methods have traditionally
been restricted to periods of relatively stationary behavior
such as observed or imposed rest. The behavioral state-
independence of some implementations of the systems and
methods described herein therefore allow for patient obser-
vation in natural states and over longer periods of time. One
advantage of observation over long periods of times and lack
of restriction to stationary states means an ability to observe
potentially rare events, or events that don’t occur during the
particular restricted states. Such monitoring can provide or
illuminate a robust biomarker for all aspects of diseases,
including development, prognosis, etc., and a more complete
understanding of the disease, its progression, phenotype, and
prognosis, etc. as compared to traditional methods and
systems.

[0070] Third, some implementations provide for genera-
tion of a behavioral state-independent representation of
cardiac activity with single heart beat resolution. While
some implementations of the systems and methods
described herein allow for long-term monitoring, the sys-
tems and methods can also provide for reduced monitoring
and data needs due to the high single beat resolution.
[0071] Fourth, some implementations of the systems and
methods described herein allow for early monitoring of a
mammal, in some cases even prior to development of a
disease. Such earlier monitoring of biomarkers as compared
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to traditional methods can allow for, in some cases, preven-
tion or slowed progression of a disease or physiological
event. Barly monitoring can help identify patients at risk of
developing certain neurologic diseases, introduce early and
effective interventions to prevent or reduce disease progres-
sion or symptoms, and evaluate therapeutic efficacy of
intervention measures.

[0072] Fifth, some implementations of the systems and
methods described herein are tailorable to specific patients
or patient populations, thereby allowing for more accurate
and personal understanding of disease and implementation
of preventative or palliative measures.

[0073] Unless otherwise defined, all technical and scien-
tific terms used herein have the same meaning as commonly
understood by one of ordinary skill in the art to which this
invention belongs. Methods and materials are described
herein for use in the present invention; other, suitable
methods and materials known in the art can also be used.
The materials, methods, and examples are illustrative only
and not intended to be limiting. All publications, patent
applications, patents, sequences, database entries, and other
references mentioned herein are incorporated by reference in
their entirety. In case of conflict, the present specification,
including definitions, will control.

[0074] For the terms “for example” and “such as,” and
grammatical equivalences thereof, the phrase “and without
limitation” is understood to follow unless explicitly stated
otherwise. As used herein, the term “about” is meant to
account for variations due to experimental error. As used
herein, the singular forms “a,” “an,” and “the” are used
interchangeably and include plural referents unless the con-
text clearly dictates otherwise.

[0075] As used herein, “brain activity” includes electrical
activity of the brain and/or hemodynamic responses to
electrical activity of the brain, and can be measured from
electrical or magnetic signals, or from optical measure-
ments. Electrical measurements of brain activity can include
electrical potentials measured from scalp (such as classic
scalp electroencephalography (EEG)), or from implanted
electrodes below the scalp, within the cranium outside or
within the dura, or from electrodes implanted within the
parenchyma of the brain (depth electrodes). Electrical mea-
surements can also be acquired from electrodes within the
brain vasculature. Magnetic measurements can be made
from electrical coils outside the head (standard magentoe-
nephelography MEG), micro-coils or other magnetic sensors
(including MEMs magnetic field sensors) outside, on or
within the head. Optical measurements can include those
based on hemodynamic responses to brain activity (such as
functional near infra-red spectroscopy, fNIRs), dynamic
light scattering, and the like.

[0076] As used herein, “periphery activity” includes activ-
ity of one or more body parts (e.g., organs, muscles, limbs,
and the like) controlled by the central nervous system, and
can include activity of the heart or respiration, muscle
activity, limb motion, pupil dilation, activity of the stomach
or intestinal walls, bladder or uretheral or sphincter tone, and
activity of the sympathetic or parasympathetic systems.
[0077] As used herein, “cardiac activity” includes descrip-
tions of cycle-by-cycle function (e.g., pumping) of the heart,
and can include the timing of each heart beat or the details
of each phase of each heartbeat. Cardiac activity can be
measured directly from the heart, from the electrical signals
emitted when different parts of the heart contract (electro-
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cardiogram ECG), or from measures of blood in the circu-
latory system i.e. from optical measures (photoplethysmog-
raphy) or changes in blood pressure.

[0078] As used herein, the term “distribution” is meant in
the statistical sense to describe the probability of observing
a variable, metric, or feature value. This is sometimes also
referred to as the probability density function or probability
distribution function. Distributions functions can describe
the probability density of observing a specific value, or the
total probability of values within a range. Distributions
herein can include univariate and multivariate distributions.
For univariate features (i.e. features with a single value), an
exemplary distribution can include the cumulative distribu-
tion function (CDF), which is the probability over the range
of values less than or equal to a value. Exemplary probabil-
ity distribution can include the central limit theorem, which
states that sums of randomly chosen variables will tend or
approximate to a Gaussian-shaped or normal distribution. As
one example, where the measured variable is a cardiac
RR-interval for a mouse, the distribution can, in some
implementations, be the ideal probability density of observ-
ing a particular value of RR interval from the mouse, and the
total probability of observing an RR interval in a given
range.

[0079] In such example, the cumulative distribution of
RR-values would be the total probability of observing an
RR-value less than or equal to a given RR-value. Some
exemplary distributions utilized in some implementations
herein include probability function of RR interval values,
the probability of dInRR, the probability of EEG line length,
and the like. “Estimated distribution” includes a represen-
tation of the probability density distribution empirically
estimated from data. One example of an estimated distribu-
tion in some implementations herein includes, for an RR
interval from a mouse, a histogram of values of RR interval
(number of values observed within specified ranges of
RR-interval value) observed from the mouse in a finite time
(e.g., over one hour, over one day, etc.), divided by the total
number of RR-intervals observed in that time. Some exem-
plary estimated distributions utilized in some implementa-
tions herein include the distribution of dlnRR estimated
from a time window of measurement (e.g., one hour, one
day, etc.) and the distribution of EEG line length estimated
from a time window of measurement (e.g., one hour, one
day, etc.).

[0080] As used herein, the terms “behavioral indepen-
dence,” “independent of behavioral state,” “state-indepen-
dent,” “state of vigilance independent,” “independent of
state of vigilance,” are used interchangeably. These terms
and similar terms and phrases indicate that the subject values
and/or representations are essentially unaffected by the
mammal’s behavioral state, such as, e.g., whether the mam-
mal is sleeping, stationary, exercising, anxious, etc. Statis-
tically, these terms and similar terms and phrases indicate
that the distributions of the subject values or representations
(e.g., cardiac activity feature representations) are indistin-
guishable when separated by state. For example, a subject
value or representation is state-independent when the value
or representation associated with the 90th %, 95th %, and/or
99th % rank is essentially the same in a behaviorally
conditioned group as compared to a behaviorally uncondi-
tioned group (e.g. sleeping mammal group versus average
mammal group sleeping or doing one or more activities)
within a given time period or number of measurements (e.g.,
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across 1000 or more events, such as heartbeats). As further
example, the means and variances of the subject values or
representations remain the same in a behaviorally condi-
tioned group as compared to a behaviorally unconditioned
group.

[0081] As used herein, the term “statistically significant
event” or “statistically significant cardiac event” includes
events that are unexpected from random sampling of the
distribution. An example of a statistically significant event,
e.g. a cardiac event, is repeated observation of a cardiac
event with a feature representation value (e.g., dInRR) in the
upper 1% of the distribution (i.e. with cumulative probabil-
ity >99%) more frequently than 1% of the time.

[0082] As used herein, the term “coincidence” refers to
events that occur together, and more specifically events that
are observed to occur within a predefined range of time with
respect to each other. In one exemplary implementation
described herein, a coincidence can include the occurrence
of a long RR interval between one and two seconds after a
short brain discharge “Coincidence rate” refers to the prob-
ably per time or per single event that a coincidence between
two events occur. In some exemplary implementations
described herein, a coincidence rates can include the number
of brain-heart event coincidences that occur per time period
(e.g., per hour, per day, etc.).

[0083] Also herein, the recitations of numerical ranges by
endpoints include all numbers subsumed within that range
(e.g., 1 to Sincludes 1, 1.5, 2, 2.75, 3, 3.80, 4, 5, etc.).
[0084] The details of one or more embodiments of the
invention are set forth in the accompanying drawings and
the description below. Other features, objects, and advan-
tages of the invention will be apparent from the description
and drawings, and from the claims.

DESCRIPTION OF DRAWINGS

[0085] FIG. 1 is a flowchart of an example process for
generating a behavioral state-independent representation of
cardiac activity.

[0086] FIG. 2 is a conceptual diagram of an example
system for recording and processing physiological data
representative of cardiac activity, and using the data to
generate a behavioral state-independent representation of
cardiac activity.

[0087] FIG. 3 is a flowchart of an example process for
determining brain-periphery temporal associations.

[0088] FIG. 4 is a conceptual diagram of an example
system for recording and processing physiological data
representative of cardiac activity and brain activity, and
using the data to determine brain-periphery temporal asso-
ciations.

[0089] FIG. 5 is a flowchart of an example process for
determining an estimate of risk of a future physiological
event.

[0090] FIG. 6 is a flowchart of an example process for
intervening to prevent a future physiological event.

[0091] FIG. 7 is a chart of a time course of events from
infection with a malarial parasite in mice through death,
according to the Examples described herein. After animals
received treatment and allowed ample time for recovery,
they were implanted and continuously monitored (orange
lines). For animals that became epileptic, the latency to the
first convulsive seizure (marked with magenta asterisks)
ranged from 39 days to 115 days post-infection (shaded gray
area). Because the physiological measurements did not start
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until the animals fully recovered from cerebral malaria, we
assume that we only captured part of the epileptogenesis
process. Instances of substantially long single RR intervals
(Subs. LRRI) were present in all epileptic mice. The onset
of appearance of such events is marked by black open
circles. The black dashed lines separate epileptic, non-
epileptic, and control mice. Non-epileptic mice were rescued
from cerebral malaria and chronically recorded from but did
not develop seizures. Data prior to the first convulsive
seizure for epileptic mice (shaded gray area), and until ECG
leads broke in control (entire recording time) and non-
epileptic mice (dark green crosses) were analyzed. Data
from 30 and 73 days post-infection from animal #9 (black
asterisks) are used in later FIG. 10 and FIG. 18.

[0092] FIG. 8 is a series of charts depicting substantially
long RR intervals preceded by epileptiform cortical dis-
charges, according to the Examples described herein.
Instances of abnormal cortical discharges preceding abnor-
mally long RR intervals are shown for one animal. Substan-
tially long RR intervals are detected via the user-defined
threshold of any interval longer than 150 ms. (A) shows high
amplitude, high frequency EEG activity immediately pre-
cedes the long-RR interval (Red trace in ECG) onset of
which is marked by the gray vertical bar. Time-series traces
of hippocampal activity are recorded from left and right
dorsal hippocampi (DL, depth hippocampus left and DR,
depth  hippocampus right), electrocorticogram (ECoG)
recorded from frontal and S1 cortices (ELA, ECoG left
anterior, ERA, ECoG right anterior and ELP, ECoG left
posterior, ERp, ECoG right posterior). ECG is bandpass-
filtered between 15-250 Hz to eliminate DC artifacts and
overall trend of the signal. (B) shows that in the same event
as in (A), the line length of the brain activity at the right
posterior cortical site (LLRP)—computed over 300 ms long
windows—increases preceding a long RR interval. (C)
shows almost all substantially long RR intervals (31 out of
35) are preceded by large increases in the line length of the
right posterior ECoG shown in color coded values. Overlaid
is the average of the line length of the right posterior ECoG
activity (blue solid line) for all detected abnormally long RR
intervals along with the 95% confidence bounds (dashed
blue lines). The Data extracted from animal #3 (FIG. 7). (A)
and (B) are from 50 days post infection, 11 AM.

[0093] FIG. 9 is a series of charts depicting temporal
measures of cardiac rhythm for a control mouse according to
the Examples described herein. (A) depicts distributions of
dInRR, RMSSD, and RRI for different states of vigilance
(SOV) pooled from 2 weeks of recordings from control
mouse #2. Distributions of dInRR and RMSSD are calcu-
lated using identical window lengths (t) of 0.5 s. RMSSD
and RR intervals have varying distributions across different
states of vigilance; two-sample Kolmogorov-Smirnov test,
REM and NREM (pg=6.41-6, prasssn=9-1e-4), REM and
Wake (prr=5.9¢-8, Prasssn=3.95¢-4), and NREM and Wake
(Prr=3-9¢-4, Prasssp=1.12e-4). The distribution of dlnRR
remains similar and approximately symmetric with near-
zero mean for all states of vigilance. By construction, for the
7=0.5 s, single long RR intervals lead to values in the upper
tail of the dInRR distribution. Dashed gray line indicates the
boundary for the 99% upper tail of the dInRR distribution.
(B) depicts mean and standard deviation of RR intervals,
RMSSD, and dInRR distributions across different SOVs. (C)
depicts mean (solid lines) and standard deviation (dashed
lines) of RMSSD calculated over different window lengths
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(t). For all Z, within the physiologically relevant range of
5-20 RR intervals, mean and standard deviation of RMSSD
distributions for different states of vigilance are different.
(D) depicts mean (solid lines) and standard deviation
(dashed lines) of dInRR calculated over a sweep of T remain
relatively similar for all states of vigilance.

[0094] FIG. 10 is a series of charts depicting joint rank
distributions of brain (EEG,;) and cardiac representations
(dlnRR) over different time offsets (At) for an hour-long
block of data, according to the Examples described herein.
The representations are first transformed into the rank space.
The joint rank distributions are then calculated for different
time offsets between EEG and dInRR, P(rank EEG,, (1), rank
dInRR(t+At)). When At=1 s, joint rank distribution of EEG,,
and dInRR are no longer uniform such that higher ranks of
dInRR correspond to higher ranks of EEG,;. The normal-
ized conditional ranksum (CRS) of EEG,; (bottom panel)
and dInRR (left panel) highlight the non-uniformity of the
joint distribution at At=1 s. The CRSs of EEG,; and dInRR
(black line) increase for higher ranks and decrease for lower
ones. In contrast, the mean rank-sum for P(rank EEG,(t),
rank dlnRR(t+At)IAt=10 s) remains at approximately 0.5
(red line) which indicates a uniform distribution. Dashed
gray lines indicate P-value=0.1. The joint distribution at
At=1 s for the rank values around 0.5 is similar to the
uniform joint distribution at At=10 s. dlnRR and EEG;,
extracted from epileptic animal #9 (second black asterisk in
FIG. 7), 73 days post infection, 12-1 PM

[0095] FIG. 11 is a chart depicting fluctuations in the brain
(EEG,;) and cardiac (dlnRR) representations are correlated
only with a 0-2 s delay, according to the Examples described
herein. Shown are the normalized conditional rank-sum
distribution for EEG;; and dInRR as a function of time-
offset; At. Contour lines mark select iso-probability (Yel-
low=0.1) of the Wilcoxon rank-sum test with the null
hypothesis that the ranks are chosen from independent
distributions. Outside the time range 0<At<2 s, this test has
PWilcoxon>>0.2 which is consistent with independent brain
and heart representations. In contrast, within the small range
of 0<At<2 s the normalized conditional rank-sums for both
EEG;; and dInRR diverge from independence for the
extrema of the ranks (as shown in magenta and cyan areas).
By construction, higher ranks in the EEG;; correspond to
large values of EEG;, (consistent with cortical discharges)
and higher ranks in dInRR correspond to large values of
dInRR (consistent with transient increases in the duration of
single RR intervals). That P<(.1 inside the O=At<2 s interval
indicates a dependence between large fluctuations in brain or
cardiac activity with a time-delay of 0-2 s. This threshold is
marked by the gray dashed lines in the normalized condi-
tional rank-sums in FIG. 10. Analysis from the same hour of
data as in FIG. 10.

[0096] FIG. 12 is a series of charts depicting event trig-
gered analysis of brain-heart coincidence, according to the
Examples described herein. Isolated, potentially abnormal
events are detected from normalized rank(EEG;, (t))=0.99
(A) for brain- or rank(dInRR(1))=0.99 (B) for heart-triggered
analyses. (A.a, B.a) Peri-event time-series of the heart
representation with respect to brain-event times (A.a) or
brain representation with respect to heart-event times (B.a)
shown for the same animal and hour as in FIG. 10 and FIG.
11. (A.b,B.b) Complement of the Wilcoxon rank-sum test
P-value, 1-PWilcoxon, as a function of time-offset (At) from
detected abnormal events (A.b) for brain events and (B.b)
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for heart events. The event times are marked by the solid red
lines. The low probability indicates that these representa-
tions are significantly interdependent for time-offsets of
AtE[0,2] s. Specifically, for brain-triggered analysis at
At=1.5 s, PWilcoxon=0.002 and for heart-triggered analysis
at At=-1.1 s, PWilcoxon=0.001. (A.c, B.c) Fraction of
marked hours with brain-heart coincidence averaged per
week of recording for this animal for (A.c) brain-triggered
events and (B.c) heart-triggered events. Hours were marked
for existence of brain-heart coincidences for (1-PWilcoxon)
20.9 for Ate[0,2] s (hash-marked red area in A.b and B.b).
Error bars reflect the standard deviation of these measures
between days. These fractions steadily rise through the
epileptogenic period leading to this animal’s first seizure.

[0097] FIG. 13 is a series of charts depicting evolution of
Brain-Heart coupling in epileptic, non-epileptic, and control
mice using hour-long blocks of data, according to the
Examples described herein. (A) depicts daily fraction of
hours marked for existence of brain-heart coincidence are
shown for epileptic (colored diamond markers), non-epilep-
tic (colored square markers), and control (hexagons) mice;
based on a conditional rank threshold (cRT) of 0.99. The
fractions increase during epileptogenesis with large fluctua-
tions within the first 21 days of the recordings. In contrast,
they remain low for animals that were rescued from cerebral
malaria but did not become epileptic (non-epileptic) and
controls. The hours are marked for existence of brain-heart
coincidences if they have conditional EEG,; rank-sums
larger than a specified rank-sum threshold. The rank-sum
threshold is selected to maximize classification specificity
for a collection of every other days from the first 14 days of
recordings. Mice were then classified according to a classi-
fication boundary on fraction of marked hours to maximize
specificity (Black solid line). This boundary is represented
by the gray dashed line separating epileptic, non-epileptic,
and control distributions in the top panel of (B). Shown in
the bottom panel of (B) is the Receiver Operating Charac-
teristic (ROC) curve using the boundary and fraction of
marked hours. All epileptic mice but one (light blue trace in
panel (A)) are separated from non-epileptic and control mice
after 21 days of recording. (C) depicts specificity (blue
circles), sensitivity (orange crosses), and the minimum con-
ditional rank-sums (gray triangles) selected as the classifi-
cation boundary to mark hours for brain-heart coincidences,
as a function of conditional rank threshold (cRT).

[0098] FIG. 14 is a series of charts depicting evolution of
brain-heart coupling in epileptic, non-epileptic, and control
mice using day-long blocks of data, according to the
Examples described herein. (A) depicts conditional rank-
sum (CRS) of the cardiac-triggered brain events from each
day for all animals: epileptic mice (colored diamond mark-
ers), non-epileptic mice (colored square markers), and con-
trol mice (hexagons); based on conditional rank threshold
(cRT) of 0.99. The color-coding for all mice is the same as
in FIG. 13A. Similar to daily fractional detections in FIG.
13A, this statistic increases during epileptogenesis for epi-
leptic mice while it remains low for non-epileptic and
control mice. All epileptic animals—including the animal
that was transiently misclassified in FIG. 13A—are fully
separable from non-epileptic and control mice as shown in
the distributions of these animals in the upper panel of (B)
(green for epileptic, black for non-epileptic, and magenta for
controls). Therefore, this statistic provides a classifier with
complete sensitivity and specificity (shown via the ROC
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curve in bottom panel of(B)). Epileptic mouse #9 in FIG. 10
is marked by the purple trace. Shown in the inset of panel
(A) is the number of epileptic (gray). non-epileptic (green),
and control (magenta) alive at days post-recording onset. (C)
depicts specificity (blue circles) and sensitivity (orange
crosses), as a function of conditional rank threshold (cRT).
The sensitivity values are computed based on a classification
boundary to maximize specificity. As the cRT is relaxed to
include more intermediary values of the rank(dInRR(t))
distribution, the sensitivity and specificity decrease and the
classifier performs worse. Gray triangles indicate the mini-
mum classification threshold that maximizes specificity in
the units of fraction of standard deviation away from the
mean of the control and non-epileptic distributions.

[0099] FIG. 15 is a table depicting chronic recording and
analysis summary, according to the Examples described
herein. Listed are the distribution of animals chronically
recorded that met the criteria for analysis of brain-heart
coincidences during epileptogenesis. Numbers in parenthe-
ses indicate total number of mice studied for development of
epilepsy in cerebral malaria. For detailed description of
model statistics, and mouse-parasite combinations see Ssen-
tongo et al. 2017.3® The epilepsy criteria were defined as
observation of at least 2 seizures longer than 10 s and at least
one seizure past day 26 post-infection. The subset of animals
selected for further investigation of brain-heart interactions
showed similar seizure rates and latencies to the larger
cohorts studied for development of the post-cerebral malaria
epilepsy model.

[0100] FIG. 16 is a series of charts depicting samples of
cortical discharges and their associated line length, accord-
ing to the Examples described herein. All traces are from
epileptic animal #3 with seizure latency of 55 days post
infection. (A) shows EEG traces bandpass-filtered between
15 and 250 Hz. Line length of the EEG was calculated with
a window length of 300 ms. Shown are examples of abnor-
mal brain discharges (at 16, 14, 8, 3 days—from top to
bottom—prior to the first convulsive seizure) from one
hippocampal channel. The events do not share a unique
pattern in shape, duration, or amplitude during epileptogen-
esis. Vertical scale bar, 1 mV for the left and middle panels,
2 mV for the right panel. Horizontal scale bar, 5 s for left and
right panels, 0.5 s for middle panel (B) shows the distribu-
tion of EEG,; from the same hippocampal channel in panel
(A) for a one hour-long block of data at day 14 prior to the
first seizure. By construction potentially abnormal brain
events lead to large line length values in the upper tail of the
distribution. We chose the upper 1% tail of the EEG,,
distribution (indicated by the dashed red line) as the criteria
for further analysis.

[0101] FIG. 17 is a series of charts depicting the effect of
window-length in sensitivity of dInRR to abnormally long
RR intervals, according to the Examples described herein.
dInRR is calculated for two beat times associated with a
following (A) single RR interval and (B) a train of 14 long
RR intervals (marked by the dashed black lines). For single
long RR intervals smaller window-lengths (1<0.7 s) capture
the effect sufficiently. In contrast, for the train of long RR
intervals larger t is required. In either cases once the window
length (t) becomes too large, dInRR values are comparable
to the mean dInRR of the RR interval time-series which is
Zero.

[0102] FIG. 18 is a chart showing fluctuations in the brain
(EEG,;) and cardiac (dInRR) representations with a 0-2 s

Oct. 31,2019

delay are only present in epileptic mice, according to the
Examples described herein. Distribution of the normalized
conditional rank-sum of EEG;; (EEG,;Irank(dInRR))
across different time-offsets (At) in an hour-long block of
data for a control and a non-epileptic mouse as well as the
epileptic mouse #9. Contour lines mark the iso-probabilities
(Yellow=0.1; Black=0.2) of the Wilcoxon rank-sum test
with the null hypothesis that the ranks are chosen from
independent distributions. The conditional rank-sum (CRS)
for the non-epileptic and control mice remain close to 0.5
over all time-offsets which is consistent with independent
brain and heart representations. The conditional rank-sum
for the epileptic animal outside the time range O<At<2 s is
similar to the CRS for non-epileptic and control mice. In
contrast, within the small range of 0=<At<2 s, the CRS
diverges from independence for the extrema of the dInRR
ranks (as shown in magenta and cyan areas). This indicates
a dependence between large fluctuations in brain or cardiac
activity with a time-delay of 0-2 s that is absent in non-
epileptic and control mice. Distributions are extracted from
data early during the epileptogenesis (Day 30 post infection;
first black asterisk in FIG. 7) for the epileptic mouse and are
time-matched for the control and non-epileptic mice.

[0103] FIG. 19 is a chart showing fluctuations in the brain
(EEG;,;) and cardiac (dInRR) representations with a 0-2 s
delay are consistent with Spearman’s correlation, according
to the Examples described herein. Same distribution of the
normalized conditional rank-sum of EEG,, values as in FIG.
18, for different time-offsets (At). Overlaid in black lines are
the correlation coefficients (p) of the Spearman’s Rank
Correlation between the distributions of EEG,; and dInRR
ranks (right y-axis indicates values of the correlation coef-
ficient). Consistent with the conditional rank-sum (CRS),
Spearman’s p remains close to zero with small fluctuations
for the control and non-epileptic mice as well as outside the
range of 0=At<2 s for the epileptic mouse. In contrast, p
increases within 0<At<2 s for the epileptic mouse which
indicates that the EEG,; and dInRR rank distributions are
correlated with a positive time-delay. Same data as in FIG.
18.

[0104] FIG. 20 is a chart depicting evolution of Brain-
Heart coupling in epileptic, non-epileptic, and control mice
as a function of time since inoculation, according to the
Examples described herein. Conditional rank-sum (CRS) of
the cardiac-triggered brain events from each day for all
animals: epileptic mice (colored diamond markers), non-
epileptic mice (colored square markers), and control mice
(hexagons). The evolution is with respect to time since
inoculation which for epileptic and non-epileptic mice
stands for time since infection and for control mice repre-
sents time since inoculation with uninfected red blood cells.
The color-coding for all mice is the same as in FIG. 13A and
FIG. 14A.

[0105] FIG. 21 is a chart depicting evolution of Spear-
man’s correlation coeflicient as a marker for Brain-to-Heart
coupling in epileptic and non-epileptic mice, according to
the Examples described herein. The Spearman’s correlation
coeflicient is calculated for each hour-long block of data and
then averaged over 24 hours for each day. The coefficient
shows an increasing trend for epileptic animals (colored
diamonds). In contrast, it remains low with small fluctua-
tions around zero (marked by the solid black line) for the
non-epileptic mice (brown squares). The markers are color-
matched with FIG. 13A and FIG. 14A.
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[0106] FIG. 22 is a series of charts depicting evolution of
dlnRR and EEG;; distributions during epileptogenesis,
according to the Examples described herein. Mean and
standard deviation of dInRR and EEG,, distributions for
epileptic and non-epileptic mice as a function of time to first
seizure for epileptic mice (t-p,,), and time to death for
non-epileptic mice. (A) shows distribution of EEG,; as a
function of time is not different for epileptic (colored
squares) vs. non-epileptic (brown hexagons) animals.
Although for one epileptic animal the mean EEG,; tran-
siently increases, it drops again. Even hours prior to the first
seizure (right panel) the mean values are not differentiable
between epileptic and non-epileptic mice. (B) shows by
construction, dInRR distribution has near-zero mean. But the
standard deviation of the distribution describes local vari-
ability in the RR intervals. The standard deviation slowly
rises for 4 (out of 9) of the epileptic animals (red, green,
blue, and light blue traces) but it does not sufficiently
separate them from non-epileptic mice.

[0107] FIG. 23 is a series of charts depicting dInRR and
EEG,; alone cannot separate different cohorts, according to
the Examples described herein. The distributions of mean of
EEG;; (A.a) and standard deviation of dInRR (B.a) are
pooled from 10-day intervals of recordings from all epileptic
(magenta) and non-epileptic mice (green). The two distri-
butions are overlapping which indicates that as a feature for
classification neither of them provides sufficient sensitivity
or specificity. Receiver Operating Characteristics (ROC)
curves are calculated for a variety of statistical measures of
the (A.b) EEG;,; and (B.b) dInRR distributions including
mean, standard deviation, standard deviation normalized by
the mean, and values of the 1-5% upper-bounds. As shown
by the ROCs none provide significant sensitivity or speci-
ficity to separate the epileptic from non-epileptic animals.

[0108] FIG. 24 is a schematic diagram that shows an
example of a computing device and a mobile computing
device.

[0109] Like reference symbols in the various drawings
indicate like elements.

DETAILED DESCRIPTION

[0110] This document provides systems, methods, and
other techniques for non-invasive monitoring of biological
markers in a mammal. In some implementations, methods
and systems can be based on the interaction, temporal
association, or coincidence of brain activity and periphery
activity in a mammal. In some implementations, methods
and systems can generate a behavioral state-independent
representation of cardiac activity, including cardiac activity
feature representations. In some implementations, a behav-
ioral state-independent representation of cardiac activity and
cardiac activity feature representations can be used in sys-
tems and methods for identifying cardiac events and/or
brain-periphery, e.g., brain-cardiac, temporal associations
useful as biomarkers of disease such as, e.g., neurologic
disease, in a mammal. In some implementations, systems
and methods for monitoring a biomarker can be used to
generate an estimation of the risk of occurrence of a physi-
ological event. In some implementations, systems and meth-
ods for monitoring a biomarker can be used for preventing
physiological events such as through application of an
intervention measure, and systems and methods for moni-
toring a biomarker can also be used for evaluating the
effectiveness of an intervention measure. The mammal can
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be any mammal. In some implementations, the mammal can
be selected from a human, a mouse, a rat, a non-human
primate, a sheep, a pig, a dog, or a cat. Additional detail
about these and other techniques is provided in the following
description of FIGS. 1-6.

[0111] FIG. 11is a flowchart of an example process 100 for
generating a behavioral state-independent representation of
cardiac activity. The process 100 can be performed by a
computing system, e.g., system 210 of FIG. 2. At stage 110,
the system obtains or receives physiological data represen-
tative of cardiac activity of a mammal over a period of time.
The period of time can be chosen based on the particular
disease or stage of disease being investigated, the particular
cardiac events being investigated, the species of mammal,
and the like. In some implementations, the period of time
can be at least 5 minutes, at least 10 minutes, at least 15
minutes, at least one hour, or at least one day. In some
implementations, the period of time can range from about 15
minutes to about 200 days or more. In some implementa-
tions, the period of time can range from about 15 minutes to
about 5 days, from about 15 minutes to about 24 hours, from
about 15 minutes to about 2 hours, from about 1 day to about
10 days, from about 10 days to about 40 days, or from about
1 hour to about 365 days. In some implementations, the
period of time can be as long as necessary to observe
development or understanding of a disease, or to predict an
event or event type. In some implementations, such as for
seizure prediction, the period of time can range from about
15 minutes to about 5 days, or from about 15 minutes to
about 1 day. In some implementations, such as for estima-
tion of the risk of developing acquired epilepsy (epilepto-
genesis), the period of time can range from about 1 hour to
about 7 days, or from about 1 hour to about 200 days. In
some implementations, such as for estimation of the risk of
or an estimation of the timing of occurrence of a future
physiological event, the period of time can range from about
1 hour to about 25 years. For example, in some implemen-
tations, such as for estimation of the risk of or an estimation
of the timing of occurrence of a seizure in an epileptic
individual, the period of time can range from about 1 hour
to about 1 day. As another example, in some implementa-
tions, such as for estimation of the risk of or an estimation
of the timing of occurrence of a first spontaneous seizure
after a brain insult (i.e. onset of epilepsy), the period of time
can range from about 1 week to about 25 years.

[0112] The physiological data can be representative of an
electrophysiologic pattern of the cardiac function of the
mammal. Exemplary electrophysiologic pattern of the car-
diac function can include QRS complexes, heart beats, and
the like. The physiological data can, in some implementa-
tions, be selected from electrocardiogram (ECG) data, blood
pressure data, and photoplethysmography (PPG) data. ECG
data can include one or more channels that each represents
the ECG signal for a respective lead of an ECG procedure,
and data from each channel can be temporally aligned. The
physiological data may span two or more cardiac cycles of
the patient or mammal, and the two or more cardiac cycles
can include one or more portions of a cardiac cycle of the
patient or mammal. Obtaining or receiving the physiological
data can, in some implementations, include processing the
data to obtain a graphical or tabular representation of the
data, such as, e.g., a graphical representation of an ECG of
a mammal, a table of individual heart beats and their
associated temporal classifications, and the like.
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[0113] At stage 130, the system identifies two or more
reference points in the physiological data. In some imple-
mentations, each reference point corresponds to a unique
reference time. In some implementations. the reference
points can be input or selected by a user through, e.g., a
graphical user interface and/or a user input interface of the
system. In some implementations, the system identifies the
reference points based on predetermined values, operations,
and/or image recognition. In some implementations, the
reference points can correspond to one or more data points
representative of a known cardiac event, such as, e.g., an
individual heart beat, contraction of a heart ventricle, a
change in blood pressure, and the like. In some implemen-
tations, the physiological data is ECG data and the reference
points correspond to one or more morphological features of
an ECG of the mammal. In some implementations, the
physiological data is data other than ECG data and the
reference points correspond to data points representative of
one or more morphological features of an ECG of the
mammal. The morphological features of the ECG of the
mammal can include at least a T-wave peak, a P-wave peak,
a R-wave peak, an onset of a P-wave, an onset of Q, and an
end of a T-wave. In some implementations, the two or more
reference points are representative of at least one feature of
a QRS complex or at least one feature within a QRS
complex of the mammal. In some implementations, the
reference points are R wave peaks.

[0114] At stage 140, the system determines one or more
intervals between reference points, wherein each interval is
an interval between a unique set of two reference points. In
some implementations, the intervals are selected from an
interval between two successive reference points and an
interval between two successive like reference points. “Like
reference points™ indicates that the reference points repre-
sent the same aspect or event in the physiologic data, such
as, e.g., the same peak on two different ECG waveforms. In
some implementations, the reference points are R-wave
peaks and the one or more intervals include at least one RR
interval. In some implementations, the one or more intervals
include at least one PR interval. In some implementations,
the one or more intervals include at least one QT interval.

[0115] At stage 150, the system processes the one or more
intervals to generate one or more cardiac feature represen-
tations. In some implementations, the cardiac feature repre-
sentations are intervals or derived from the intervals. In
some implementations, the cardiac feature representations
are representative of a cardiac event such as, e.g., a single
heart beat. Optionally, the process can include stage 154,
wherein the system provides an indication, such as, e.g., a
graphical or tabular output of the cardiac feature represen-
tations of the mammal over the period of time. In some
implementations, the output can be a physical output, an
image on a graphical user interface, an audible output, or the
like.

[0116] In some implementations, processing the one or
more intervals includes a univariate determination or a
multivariate determination. In some implementations, pro-
cessing the one or more intervals includes determining for
each interval a discrete estimate of the logarithmic deriva-
tive of the one or more intervals at a selected reference time,
proportional to the difference in the interval before and after
each selected reference time calculated over a first time
window, normalized by the average interval over a second
time window. In some implementations, one or more
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selected reference times can include at least one selected
reference time per RR interval. In some implementations,
the first time window can be equivalent to about one to five
times the typical RR interval of the mammal. The first time
window can, in some implementations, be at least about 100
ms, at least about 200 ms, at least about 0.5 seconds, at least
about 1 second, at least about 2 seconds, at least about 5
seconds, at least about 30 seconds, or at least about 100
seconds. In some implementations, the first time window
can range from about 50 ms to about 5 seconds, from about
100 ms to about 3 seconds, from about 200 ms to about 3
seconds from about 0.3 seconds to about 0.8 seconds, from
about 0.4 seconds to about 0.6 seconds, from about 1 second
to about 100 seconds, from about 5 seconds to about 50
seconds, from about 8 seconds to about 30 seconds, from
about 10 seconds to about 20 seconds, from about 10
seconds to about 16 seconds, from about 14 seconds, to
about 20 seconds, or from about 9 seconds to about 21
seconds. In some implementations, the first time window
can be about about 100 ms, 0.4 seconds, about 0.5 seconds,
about 0.6 seconds, about 1 second, about 9 seconds, about 10
seconds, about 11 seconds, about 15 seconds, about 19
seconds, about 20 seconds, or about 21 seconds. In some
implementations, the first time window is selected from a
window of from about 100 ms to about 500 ms and a
window of from about 750 ms to about 5000 ms. In some
implementations, the first second window is selected from a
window of from about 200 ms to about 5000 ms and a
window of from about 1500 ms to about 50,000 ms. In some
implementations, the first time window can be chosen based
on particular variables such as the particular species of
mammal, the reference point type, the goal of the investi-
gation, and the like. For example, in some implementations
the first time window may correspond to a range of time that
is the expected average heart beat rate of the particular
species of mammal. In some implementations, the first time
window can correspond to a range expected to contain two
to three average heart beats. In some implementations, the
first time window can correspond to a range expected to
contain a minimum of one average heart beat (e.g., based on
a mean heart rate). In some implementations, the second
time window is greater than first time window. In some
implementations, the second time window is twice the
length of the first time window. In some implementations,
the second time window can be an average respiratory
period (e.g., mean or median time between breaths), which
can, in some implementations be from about 6 to about 10
heart beats. In some implementations, the second time
window can be equivalent to about two to about ten times
the typical RR interval of the mammal, or about five to about
ten times the typical RR interval of the mammal. The second
time window can, in some implementations, be at least about
200 ms, at least about 400 ms, at least about 1 second, at
least about 2 seconds, at least about 4 seconds, at least about
10 seconds, at least about 30 seconds, or at least about 100
seconds. In some implementations, the first time window
can range from about 100 ms to about 10 seconds, from
about 200 ms to about 6 seconds, from about 0.5 seconds to
about 6 seconds from about 0.3 seconds to about 1.5
seconds, from about 0.4 seconds to about 1.5 seconds, from
about 0.8 seconds to about 1.2 seconds, from about 0.9
seconds to about 1.1 seconds, from about 5 seconds to about
50 seconds, from about 8 seconds to about 45 seconds, from
about 10 seconds to about 40 seconds, from about 20



US 2019/0328306 A1l

seconds to about 40 seconds, from about 30 seconds to about
40 seconds, from about 25 seconds to about 35 seconds, or
from about 29 seconds to about 31 seconds. In some
implementations, the second time window can be about 0.5
seconds, about 0.9 seconds, about 1 second, about 1.1
seconds, about 29 seconds, about 30 seconds. or about 31
seconds. In some implementations, the first and second time
windows are sliding time windows.

[0117] In some implementations, processing the one or
more intervals comprises determining dInRR, a representa-
tions of a discrete estimate of the logarithmic derivative of
the one or more intervals at a selected reference time. In
some implementations, processing the one or more intervals
comprises determining dInRR at any time, T, using first
window length T, and second window length T, according
to the equation:

_ T JE— T
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[0118] In some implementations, processing the one or
more intervals comprises determining dInRR at any time, T,
using first window length T, equal to the second window
length T,, (v,=T,=T) with according to the equation:
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where fractional number of intervals include partial intervals
that remain inside the window. In the limit as t—0, if the
derivative of RR-time series is defined, this representations
becomes the derivative of the logarithm of the RR interval:

limdnRR(T), « mm——2 2.
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dInRR is a local measure that is proportional to the normal-
ized RR interval in the window length over which it is
calculated.
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[0119] In some implementations, such as where the mam-
mal is a mouse having an average heart rate of 600 beats per
minute, T,2100 ms. In some implementations, where the
mammal is a mouse, T,=0.5 s, 7,=1 s. In some implemen-
tations, such as where the mammal is a human having an
average heart rate of 60 beats per minute, T,=1 s. In some
implementations, where the mammal is human, t, [10,20]s
and 7,230 s. In some implementations, T, can be based on
the average breathing rate of a human mammal. In some
implementations, T, can be from about 5 to about 12 sec-
onds.

[0120] At stage 160, the system processes the cardiac
activity feature representations and generates an estimated
distribution of the cardiac activity feature representations of
the mammal over the period of time at stage 168. The
distribution can, in some implementations, be, e.g., a statis-
tical distribution, such as a rank distribution, the probability
density function, or the cumulative probability. In some
implementations, the cumulative probability is equivalent to
normalized rank. The distribution can be one-dimensional or
multi-dimensional. In some implementations, the distribu-
tion is independent of the mammal’s behavioral state during
the period of time. Optionally, the process can include stage
164, wherein the system provides an indication, such as,
e.g., a graphical or tabular output of the estimated distribu-
tion. In some implementations, the output can be a physical
output, an image on a graphical user interface, an audible
output, or the like.

[0121] At stage 170, the system identifies a predetermined
range within the distribution with which to compare the
cardiac activity feature representations within the distribu-
tion. In some implementations, the predetermined range can
be a range determined by the system and/or selected by a
user prior to generation of the distribution. In some embodi-
ments, the predetermined range can be a range determined
by the system and/or selected by a user based on one or more
aspects of the generated distribution. In some implementa-
tions, the stage 170 involves an optional step of identifying,
by the system, a threshold range within the distribution
based on the distribution. In some implementations, the
system can identify a threshold range based on the presence
and magnitude of observable outlier values of cardiac activ-
ity feature representations within the distribution. In some
implementations, the predetermined range is the threshold
range. In such implementations, the threshold range can be
determined by, e.g., statistical rank of the distribution. In
some implementations, the predetermined range can be a
90%, 95%, or 99% range or threshold. For example, in some
implementations, the predetermined range can be a 99%
rank distribution range such that an outlier value is greater
than or equal to 99%. In such exemplary implementations an
outlier value is present in the upper 1% tail of the rank
distribution. As another example, in some implementations,
the predetermined or threshold range can be a 1% rank
distribution range such that an outlier value is less than or
equal to 1%. In such exemplary implementations, an outlier
value can be present in the lower 1% tail of the rank
distribution. In some implementations, the system can
optionally provide an indication of the threshold and/or
predetermined range (not shown).

[0122] In some implementations, the process 100 can
optionally be used to build or train (e.g., via machine
learning) a model for evaluation of physiological data. In
such implementations of the process, stages 110-170 are
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used to identify or generate a modified threshold range or
modified predetermined range. The modified threshold or
predetermined range can then be provided as an output to a
user or stored in a memory, e.g., on computer-readable
media, for later use in process 100. The user can then return
to stage 110 to repeat process 100 for the same, different, or
new data using the modified threshold or predetermined
range. In this manner, the predetermined range can be set to
useful or statistically significant values specific to a chosen
disease, group of mammals, or individual mammal or
patient.

[0123] At stage 180, the system identifies one or more
cardiac activity feature representations that fall outside of
the predetermined range in the distribution and generates a
set of one or more target cardiac activity representations.
Optionally, the process can include stage 184, wherein the
system provides an indication, such as, e.g., a graphical or
tabular output of the target cardiac activity representations.
In some implementations, the output can be a physical
output, an image on a graphical user interface, an audible
output, or the like. In some implementations, the target
cardiac activity representations are representative of likely
abnormal cardiac events or aberrations in the mammal’s
average cardiac activity. One advantage of the systems and
methods described herein is that, while these likely abnor-
mal cardiac events or aberrations in the mammal’s average
cardiac activity might not otherwise be detectable from
reviewing a standard BECG, the processes and systems
described herein both allow detection and eliminate the need
to define an abnormal event in some manner in which it can
be detected, instead providing a simple manner in which to
identify the likely abnormal events. In some implementa-
tions, the system can be trained, e.g., through machine
learning, and configured to identify a predetermined and/or
threshold range suitable for the desired analysis.

[0124] Optionally, the process can further include stage
190, wherein the system quantifies the magnitude and/or
frequency of the one or more target cardiac activity feature
representations. Optionally, the process can include provid-
ing, by the system, an indication, such as, e.g., a graphical
or tabular output of the magnitude and/or frequency of the
one or more target cardiac activity feature representations. In
some implementations, the system can optionally generate a
plot (not shown) of the magnitude and/or frequency of the
one or more target cardiac activity feature representations
over the period of time.

[0125] FIG. 2 is a conceptual diagram of an example
system 200 for recording and processing physiological data
that describes cardiac activity of a mammal, and using the
physiological data for generating a behavioral state-inde-
pendent representation of cardiac activity of a subject mam-
mal 202. For the purpose of this example, the subject 202
will be considered as a human, and more specifically as a
patient of a healthcare provider. However, it should be
understood that the description is not limited to this
example. In other implementations, the subject 202 may be
a human who is not specifically associated with a healthcare
provider, or may be any other mammal, such as, e.g., a
mouse, rat, or non-human primate.

[0126] One or more sensors 204a and/or 204b are dis-
posed on a surface of the patient 202 to enable recording of
signals or physiological data that describes cardiac activity
of a mammal. In some implementations, the sensors can be,
e.g., one or more ECG electrode leads affixed to a patient. In
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some implementations, the sensors can be selected from
sensors that measure or provide an indication of changes in
electrocardiogram (ECG) data, blood pressure data, and
photoplethysmography (PPG) data. In some implementa-
tions, the physiological data can be obtained from one or
more physiologic sensors that are integrated with or com-
municatively coupled to a smartphone, a tablet computer, a
watch body, a watch band, or a wearable patch. For example,
in some implementations, the patient 202 can manually
contact a fixed pair of external electrodes or other sensors
with his or her fingers, or the patient 202 may wear a watch,
wristband, chest band, or other device that secures one or
more electrodes or other sensors in position on the patient
202 to sense the patient’s cardiac activity. A mobile com-
puting device (e.g., smartphone 220) may be used by the
patient 202 or a healthcare provider to configure aspects of
the data recording procedure in a clinical or non-clinical
setting.

[0127] The system 200 can further include a data recorder
and control unit 206 for controlling and recording the
physiological data from the sensors. In some implementa-
tions, data recording and/or controlling units can be inte-
grated into one or more sensor devices and/or a mobile
computing device (e.g., smartphone 220). The system 200
further includes a data processing system 210, and one or
more input/output devices (e.g., smartphone 220). In some
implementations, data processing system 210 can be inte-
grated into one or more sensor devices and/or a mobile
computing device (e.g., smartphone 220). For example, a
wearable sensing device can, in some implementations,
include the physiological data sensors, the data recording
and control unit, the data processing system, and, optionally,
one or more input/output interfaces.

[0128] The data recorder and controller unit 206 is com-
municably coupled to the processing system 210. The pro-
cessing system 210 is a system of one or more computers,
which may be distributed in one or more physical locations.
System 210 may or may not be in the same physical location
as the patient 202 and/or the data recorder and control umt
206. The system 210 may be coupled to peripheral devices
such as a display screen (e.g., on smartphone 220) for
presenting information to a user, patient, or healthcare
provider, and an input interface (e.g., on smartphone 220)
for receiving user inputs. Moreover, the system 210 may
include a variety of components known to one of ordinary
skill in the art that facilitate processing of physiological data
in the processes described herein.

[0129] It should be understood that in some implementa-
tions, the physiological data can be recorded and processed
simultaneously in real-time, or a delay can occur between
the recording of the data and the processing. For example,
the processing can be done using data recorded minutes,
days, or even years prior to the processing. The data can be
stored, e.g., on computer-readable media, for a length of
time prior to the processing of the data.

[0130] FIG. 3 is a flowchart of an example process 300 for
non-invasive monitoring of biological markers in a mam-
mal. In some implementations, process 300 can generate an
indication of a brain-periphery temporal association
between brain physiological events and periphery physi-
ological events. The process 300 can be performed by a
computing system, e.g., system 410 of FIG. 4. At stage 311,
the system obtains or receives brain data from a brain
activity measurement device that describes brain activity of
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a mammal over a first period of time. At stage 312, the
system obtains or receives periphery data from a peripheral
activity measurement device that describes peripheral activ-
ity of a mammal over a second period of time. The first and
second periods of time can be chosen based on the particular
disease or stage of disease being investigated, the particular
brain and/or periphery events being investigated, the species
of mammal, and the like. In some implementations, the first
and second periods of time can range from about 15 minutes
to about 200 days, from about 15 minutes to about 2 days,
from about 15 minutes to about 2 weeks, from about 1 to
about 3 days, or from about 1 day to about 30 years. In some
implementations, the data and any corresponding represen-
tations, predictions, or estimates can be continuously
updated indefinitely. In some implementations, the first and
second periods of time can be the same time length and/or
the same time data. By same time data it is meant that the
data recorded during the first and second periods of time can
be superimposed on one another and represent the same
points of time in the periods (e.g. simultaneously captured
data). In some implementations, if the data is incomplete
during the time periods, the univariate distributions can be
used from each of the brain and periphery data to make
ongoing estimates of the distribution (e.g., rank). In some
implementations, overlapping periods can be used to esti-
mate coincidence rates. In some implementations, the sta-
tistics of such estimates can be, within a normalization, the
same as or similar to that of complete data.

[0131] The brain data can, in some implementations, be
data obtained from electrical measurements of brain activity
can include electrical potentials measured from scalp (such
as classic scalp electroencephalography (EEG)), or from
implanted electrodes below the scalp, within the cranium
outside or within the dura, or from electrodes implanted
within the parenchyma of the brain (depth electrodes).
Flectrical measurements can also be acquired from elec-
trodes within the brain vasculature. Magnetic measurements
can be made from electrical coils outside the head (standard
magentoenephelography MEG), micro-coils or other mag-
netic sensors (including MEMs magnetic field sensors)
outside, on or within the head. Optical measurements can
include those based on hemodynamic responses to brain
activity (such as functional near infra-red spectroscopy,
fNIRs), dynamic light scattering, and the like. The brain data
can, in some implementations, be representative of data
selected from electroencephalographic (EEG) data and elec-
trocorticography (ECoG) data. In some embodiments, the
EEG data can be scalp EEG data, subdural EEG (sdEEG)
data, or intracranial EEG (icEEG) data.

[0132] The periphery data can, in some implementations,
be representative of data selected from cardiac data, muscle
movement data, nerve activity data, pupil dilation data, and
body movement data. In some implementations, muscle
movement data is selected from hand or limb acceleration
data and electromyography (EMG) data, such as, e.g., stom-
ach EMG data. In some implementations, the periphery data
is nerve activity data selected from nerve conduction data
and vagal nerve activity data. In some implementations, the
periphery data is body movement data is selected from hand
acceleration data, limb acceleration data, and perspiration
data. The periphery data can, in some implementations, be
representative of cardiac activity of the mammal. The
periphery data can, in some implementations, be represen-
tative of an electrophysiologic pattern of the cardiac func-
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tion of the mammal. Exemplary electrophysiologic pattern
of the cardiac function can include QRS complexes, heart
beats, and/or other heart rate variable data. The physiologi-
cal data can, in some implementations, be selected from
electrocardiogram (ECG) data, blood pressure data, and
photoplethysmography (PPG) data. ECG data can include
one or more channels that each represents the ECG signal for
a respective lead of an ECG procedure, and data from each
channel can be temporally aligned. The cardiac periphery
data may span two or more cardiac cycles of the patient, and
can include one or more portions of a cardiac cycle of the
mammal. Obtaining or receiving the periphery data can, in
some implementations, include processing the data to obtain
a graphical or tabular representation of the data, such as,
e.g., a graphical representation of an ECG of a mammal, a
table of individual heart beats and their associated temporal
classifications, and the like. In some implementations,
receiving and/or processing the periphery data can include
the process 100 of FIG. 1.

[0133] At stage 351, the system generates one or more
brain feature representations based on the brain data. In
some implementations, the brain feature representations
include EEG line length (EEG;, ;) representations, short term
spectral band power, peak amplitude, frequencies in various
bands, spike signatures, and the like. At stage 352 the system
generates one or more periphery feature representations
based on the periphery data. In some implementations, the
periphery feature representations are selected from cardiac
feature representations, muscle movement feature represen-
tations, nerve activity feature representations, and hand
acceleration feature representations. In some implementa-
tions, the periphery feature can include activity of the heart
or respiration, muscle activity, limb motion, pupil dilation,
activity of the stomach or intestinal walls, bladder or ure-
theral or sphincter tone, and/or activity of the sympathetic or
parasympathetic systems. In some implementations, the
periphery feature representations are cardiac feature repre-
sentations representative of a cardiac event such as, e.g., a
single heart beat. Optionally, the process can include pro-
viding an indication, such as, e.g., a graphical or tabular
output of the brain and/or periphery feature representations
of the mammal over the period of time. In some implemen-
tations, the output can be a physical output, an image on a
graphical user interface, an audible output, or the like.

[0134] In some implementations, generating one or more
brain feature representations based on the brain data and/or
generating one or more periphery feature representations
based on the periphery data can include processing the
respective brain or periphery data through a univariate
determination or a multivariate determination. In some
implementations, processing the periphery data includes
determining a discrete estimate of the logarithmic derivative
of the one or more intervals as described in process 100.

[0135] At stage 361, the system processes the brain activ-
ity feature representations and generates an estimated dis-
tribution of the brain activity feature representations of the
mammal over the period of time. At stage 362, the system
processes the periphery activity feature representations and
generates an estimated distribution of the periphery activity
feature representations of the mammal over the period of
time. The brain and/or periphery distribution can, in some
implementations, be, e.g., a statistical distribution, such as a
rank distribution. The brain and/or periphery distribution
can be one-dimensional or multi-dimensional. In some
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implementations, the brain and/or periphery distribution is
independent of the mammal’s behavioral state during the
period of time. Optionally, the process can include providing
an indication, such as, e.g., a graphical or tabular output of
the estimated brain and/or periphery distribution. In some
implementations, the output can be a physical output, an
image on a graphical user interface, an audible output, or the
like.

[0136] At stage 371, the system identifies a predetermined
range within the distribution with which to compare the
brain activity feature representations within the distribution.
At stage 372, the system identifies a predetermined range
within the distribution with which to compare the periphery
activity feature representations within the distribution. In
some implementations, the predetermined range can be a
range determined by the system and/or selected by a user
prior to generation of the brain and/or periphery distribution.
In some embodiments, the predetermined range can be a
range determined by the system and/or selected by a user
based on one or more aspects of the generated distribution.
In some implementations, stage 371 and/or 372 involves an
optional step of identifying, by the system, a threshold range
within the brain and/or periphery distribution based on the
distribution. In some implementations, the system can iden-
tify a threshold range based on the presence and magnitude
of observable outliers of brain and/or periphervactivity
feature representations within the distribution. In some
implementations, the predetermined range is the threshold
range. In such implementations, the threshold range can be
determined by, e.g., statistical rark of the distribution. In
some implementations, the predetermined range can be a
90%, 95%, or 99% range or threshold. For example, in some
implementations, the predetermined range can be a 99%
rank distribution range such that an outlier value is greater
than or equal to 99%. In such exemplary implementations an
outlier value is present in the upper 1% tail of the rank
distribution. As another example, in some implementations,
the predetermined or threshold range can be a 1% rank
distribution range such that an outlier value is less than or
equal to 1%. In such exemplary implementations, an outlier
value can be present in the lower 1% tail of the rank
distribution. In some implementations, the system can
optionally provide an indication of the threshold and/or
predetermined range (not shown).

[0137] At stage 381, the system identifies one or more
brain activity feature representations that fall outside of a
predetermined range in the distribution and generates a set
of one or more target brain activity representations. At stage
382, the system identifies one or more periphery activity
feature representations that fall outside of a predetermined
range in the distribution and generates a set of one or more
target periphery activity representations. Optionally, the
process can further include providing an indication, such as,
e.g., a graphical or tabular output of the target brain and/or
periphery activity representations. In some implementations,
the output can be a physical output, an image on a graphical
user interface, an audible output, or the like. In some
implementations, the target brain and/or periphery activity
representations are representative of likely abnormal brain
and/or periphery events or aberrations in the mammal’s
average brain and/or periphery activity. Optionally, identi-
fying one or more brain and/or periphery activity feature
representations that fall outside of a predetermined range
can include identifying, by the system, a predetermined
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range within the brain and/or periphery distribution with
which to compare the brain and/or periphery activity feature
representations within the distribution. In some implemen-
tations, the predetermined range can be a range determined
by the system and/or selected by a user prior to generation
of the distribution. In some embodiments, the predetermined
range can be a range determined by the system and/or
selected by a user based on one or more aspects of the
generated distribution. In some implementations, identifying
a predetermined range involves an optional step of identi-
fying, by the system, a threshold range within the distribu-
tion based on the distribution. In some implementations, the
system can identify a threshold range based on the presence
and magnitude of observable outliers of brain and/or periph-
ery activity feature representations within the distribution. In
some implementations, the predetermined range is the
threshold range. In such implementations, the threshold
range can be determined by, e.g., statistical rank of the
distribution. In some implementations, the predetermined
range can be a 90%, 95%, or 99% range or threshold. For
example, in some implementations, the predetermined range
can be a 99% rank distribution range such that an outlier
value is greater than or equal to 99%. In such exemplary
implementations an outlier value is present in the upper 1%
tail of the rank distribution. As another example, in some
implementations, the predetermined or threshold range can
be a 1% rank distribution range such that an outlier value is
less than or equal to 1%. In such exemplary implementa-
tions, an outlier value can be present in the lower 1% tail of
the rank distribution. In such implementations, the system
can optionally provide an indication of the threshold and/or
predetermined range (not shown). In some implementations,
the system can be trained, e.g., through machine learning,
and configured to identify a predetermined and/or threshold
range suitable for the desired analysis.

[0138] The process 300 further includes stage 392,
wherein the system determines, a brain-periphery temporal
association between the one or more target brain feature
representations and the one or more target periphery feature
representations. In some implementations, determining a
termporal association includes determining a time relation-
ship between the occurrence of a target brain feature repre-
sentation and a target periphery feature representation. In
some implementations, determining the temporal associa-
tion includes comparing all brain feature-periphery feature
representation pairs of one or more target brain feature
representations and one or more target periphery feature
representations. In some implementations, comparing all
brain feature-periphery feature representation pairs includes
comparing brain feature-periphery feature representation
pairs within a predetermined time window. In some imple-
mentations, determining the temporal association can
include selecting one or more target brain feature represen-
tations; identifying a predetermined target time window
around each of the selected brain feature representations;
and determining the incidence of one or more target periph-
ery feature representations within each predetermined time
window. In some implementations, determining the tempo-
ral association can include selecting one or more target
periphery feature representations; identifying a predeter-
mined target time window around each of the selected
periphery feature representations; and determining the inci-
dence of one or more target brain feature representations
within each predetermined time window. In some imple-
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mentations, the predetermined time window is from about
10 ms to about 2 seconds, from about 10 ms to about 100 ms,
from about 1 second to about 2 seconds, or from about 0.5
seconds to about 2.5 seconds. In some implementations, the
time window can be adjusted based on the peripheral system
examined and/or the location of the sensors, such as, e.g.,
EEG electrodes. In some implementations, the predeter-
mined time window is a window of time before the selected
target brain and/or periphery feature representation. In some
implementations, the the predetermined time window is a
window of time after the selected target brain and/or periph-
ery feature representation. In some implementations, the the
predetermined time window is a window of time before and
after the selected target brain and/or periphery feature rep-
resentation.

[0139] The process 300 can optionally further include
stage 394, wherein the system provides an indication, such
as, e.g., a graphical or tabular output of the temporal
association. In some implementations, the output can be a
physical output, an image on a graphical user interface, an
audible output, or the like. In some implementations, the
process can further include determining whether the brain
periphery temporal association between a given brain fea-
ture-periphery feature representation pair indicates a brain-
periphery coincidence between the target brain feature rep-
resentation and the target periphery feature representation
and therefore between the brain event and periphery event of
which the target brain feature representation and the target
periphery feature representation are representative. In some
implementations, coincidence is determined if the events
occur within a specified time window with respect to each
other. In some implementations, once events are detected
from one type of activity (e.g., brain and/or periphery
activity) the rank sum of feature representations of the other
type of activity are reviewed. In some implementations,
coincidence is determined by statistical probability excur-
sions from random distribution of the occurrence of the two
events. If a coincidence between a given target brain feature
representation and a given target periphery feature repre-
sentation is determined, the process can optionally further
include determining a brain-periphery coincidence rate of
the target brain-periphery feature representations. Coinci-
dence rate describes the frequency of coincidences. In some
implementations, coincidence rate can be determined by a
conditional rank-sum approach. In some implementations,
the coincidence rate can be the normalized rank-sum of the
paired conditional distributions such that the greater the
coincidence rate is, the stronger the correlation between
brain and periphery activity is.

[0140] In some implementations, the process can option-
ally further include determining, by the system, a quantifi-
cation of the brain-periphery temporal association. Option-
ally, the process can include providing, by the system, an
indication, such as, e.g., a graphical or tabular output of the
quantification of the brain-periphery temporal association.

[0141] In some implementations, the process 300 can
optionally be used to build or train (e.g., via machine
learning) a model for determination of brain-periphery tem-
poral association, brain-periphery coincidence, and/or brain-
periphery coincidence rate. In such implementations of the
process, stages 311-371 and 312-372 are used to identify or
generate a modified threshold range or modified predeter-
mined range. The modified threshold or predetermined
range can then be provided as an output to a user or stored
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in a memory, e.g., on computer-readable media, for later use
in process 300. The user can then return to stages 311 and
312 to repeat process 300 for the same, different, or new data
using the modified threshold or predetermined range. In this
manner, the predetermined range can be set to useful or
statistically significant values specific to a chosen disease,
periphery measurement, group of mammals, or individual
mammal or patient.

[0142] In some implementations, the process 300 can
optionally be used to build or train (e.g., via machine
learning) a model for determination of brain-periphery tem-
poral association, brain-periphery coincidence, and/or brain-
periphery coincidence rate that is associated with a separate
physiological event such as a seizure, cardiac arrest, onset of
a disease such as development of acquired epilepsy, or the
like. In some implementations, the process can further
include receiving, by the system, data from a physiological
measurement device confirming the occurrence of a physi-
ological event. In some implementations, the process can
further include determining, by the system, an association
between the physiological event and the brain-periphery
temporal association. In some implementations, the process
can further include determining, by the system, a quantifi-
cation of the association between the physiological event
and the brain-periphery temporal association. In some
implementations, the process can further include determin-
ing, by the system, a modified predetermined range (e.g.,
stage 371) for the brain statistical distribution based on at
least one of the quantification of the brain-periphery tem-
poral association and the quantification of the association
between the physiological event and the brain-periphery
temporal association. In some implementations, the process
can further include determining, by the system, a modified
predetermined range (e.g., stage 372) for the periphery
statistical distribution based on at least one of the quantifi-
cation of the brain-periphery temporal association and the
quantification of the association between the physiological
event and the brain-periphery temporal association. In some
implementations of the process, upon confirming an asso-
ciation between the physiological event and the brain-
periphery temporal association, and/or upon determining a
modified predetermined range for the brain and/or periphery
statistical distribution, the modified threshold or predeter-
mined range can then be provided as an output to a user or
stored in a memory, e.g., on computer-readable media, for
later use in process 300. The user can then return to stages
311 and 312 to repeat process 300 for the same, different, or
new data based on the association between the physiological
event and the brain-periphery temporal association, in some
implementations using the modified threshold or predeter-
mined range. In this manner, the predetermined range can be
set to useful or statistically significant values specific to a
chosen disease, periphery measurement, group of mammals,
or individual mammal or patient.

[0143] In some implementations, once an association
between the physiological event and the brain-periphery
temporal association has been confirmed, the process can be
used to predict and/or estimate the risk of a similar future
physiological event based on, e.g., the occurrence of tem-
porally associated, or coincident, target brain-periphery fea-
ture representations. In some implementations, the process
can further include providing, by the system, an estimate of
risk of a future physiological event based on the brain-
periphery temporal association and/or the quantification of
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the brain-periphery temporal association. Optionally, the
process can further include providing an indication, such as,
e.g., a graphical or tabular output of the estimate of risk of
the physiological event. In some implementations, the out-
put can be a physical output, an image on a graphical user
interface, an audible output, or the like. In some implemen-
tations, the processes and systems provide an early warning
of a potential future physiological event so that protective
measures may be taken to lessen the effect of the future
physiological event, such as by ensuring a safe, fall-free
environment for a seizure, or taking intervention measures,
such as, e.g., anti-epileptic drugs in the case of an impending
epileptic seizure, that lessen the event, prevent the event, or
delay the event. In some implementations of the process, the
system can provide a plot of the magnitude and/or frequency
of the brain-periphery temporal association over the period
of time. In some implementations of the process, the system
can provide an estimate of risk of a future physiological
event based on a trend in the magnitude and/or frequency of
brain-periphery temporal association. In some implementa-
tions of the process, the system can provide an estimate of
the timing of the future physiological event, such as how
long a subject has before the physiological event will likely
occur, giving the subject a valuable indication of how much
time is available to prepare for or intervene against the future
physiological event, which may affect the preparation deci-
sions and/or choice of intervention methods and/or medica-
tions. In some implementations of the process, an indication
of an estimate of risk of a future physiological event can also
include an indication of the estimate of timing of the
potential future physiological event.

[0144] In another implementation of a process similar to
process 300, the process can include receiving, by a system
of one or more computers, brain data from a brain activity
measurement device that describes brain activity of a mam-
mal over a first period of time; receiving, by the system,
periphery data from a peripheral activity measurement
device that describes peripheral activity of a mammal over
a second period of time; generating, by the system, one or
more brain feature representations based on the brain data;
generating, by the system, one or more periphery feature
representations based on the periphery data; generating, by
the system, one or more brain statistical distributions of the
one or more brain features; generating, by the system, one or
more periphery statistical distributions of the one or more
periphery feature representations; identifying, by the sys-
tem, one or more brain feature representations that fall
outside of a predetermined range in the brain statistical
distribution to generate a set of one or more target brain
feature representations; identifying, by the system, one or
more periphery feature representations that fall outside of a
predetermined range in the periphery statistical distribution
to generate a set of one or more target periphery feature
representations; identifying, by the system, a probability of
the one or more target periphery feature representations
within a defined time window of one or more of the target
brain feature representations to generate an estimated cumu-
lative probability distribution; determining, by the system a
brain-periphery temporal association between the one or
more target brain feature representations and the one or more
target periphery feature representations based on the esti-
mated cumulative probability distribution; and providing, by
the system, an indication of the temporal association.
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[0145] 1In another implementation of a process similar to
process 300, the process can include receiving, by a system
of one or more computers, brain data from a brain activity
measurement device that describes brain activity of a mam-
mal over a first period of time; receiving, by the system,
periphery data from a peripheral activity measurement
device that describes peripheral activity of a mammal over
a second period of time; generating, by the system, one or
more brain feature representations based on the brain data;
generating, by the system, one or more periphery feature
representations based on the periphery data; generating, by
the system, one or more brain statistical distributions of the
one or more brain features; generating, by the system, one or
more periphery statistical distributions of the one or more
periphery feature representations; identifying, by the sys-
tem, one or more brain feature representations that fall
outside of a predetermined range in the brain statistical
distribution to generate a set of one or more target brain
feature representations; identifying, by the system, one or
more periphery feature representations that fall outside of a
predetermined range in the periphery statistical distribution
to generate a set of one or more target periphery feature
representations; identifying, by the system, a probability of
the one or more target brain feature representations within a
defined time window of one or more of the target periphery
feature representations to generate an estimated cumulative
probability distribution; determining, by the system a brain-
periphery temporal association between the one or more
target brain feature representations and the one or more
target periphery feature representations based on the esti-
mated cumulative probability distribution; and providing, by
the system, an indication of the temporal association.

[0146] FIG. 4 is a conceptual diagram of an example
system 400 for recording and processing brain activity data
and peripheral activity data of a subject mammal 402, and
using the data for determining a brain-periphery temporal
association. For the purpose of this example, the subject 402
will be considered as a human, and more specifically as a
patient of a healthcare provider. However, it should be
understood that the description is not limited to this
example. In other implementations, the subject 402 may be
a human who is not specifically associated with a healthcare
provider, or may be any other mammal, such as, e.g., a
mouse, rat, or non-human primate.

[0147] One or more periphery sensors 404a and/or 4045
are disposed on a surface of the patient 402 to enable
recording of periphery signals or physiological data that
describes a periphery activity of a mammal, such as, e.g,,
cardiac activity, muscle activity, nerve activity, or ocular
activity. In some implementations, the sensors can be, e.g,,
one or more ECG or EMG electrode leads affixed to a
patient. In some implementations, the periphery sensors can
be placed within a mammal or patient as invasively placed
sensors and devices such as, e.g., pacemakers, embedded
cardiac monitors, and the like. In some implementations, the
sensors can be selected from sensors that measure or provide
an indication of changes in electrocardiogram (ECG) data,
blood pressure data, and photoplethysmography (PPG) data.
In some implementations, the sensors can be selected from
sensors that measure or provide an indication of changes in
nerve activity data, muscle movement data, cardiac activity
data, or pupil dilation data. In some implementations, the
periphery activity data can be obtained from one or more
physiologic sensors that are integrated with or communica-
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tively coupled to a smartphone, a tablet computer, a watch
body, a watch band, or a wearable patch. For example, in
some implementations, the patient 402 can manually contact
a fixed pair of external electrodes or other sensors with his
or her fingers, or the patient 402 may wear a watch,
wristband, chest band, or other device that secures one or
more electrodes or other sensors in position on the patient
402 to sense the patient’s cardiac activity. A mobile com-
puting device (e.g., smartphone 420) may be used by the
patient 402 or a healthcare provider to configure aspects of
the data recording procedure in a clinical or non-clinical
setting.

[0148] One or more brain sensors 405 are disposed on a
surface of or embedded within the patient 402 to enable
recording of brain activity signals or physiological data that
describes brain activity of a mammal. In some implemen-
tations, the sensors can be, e.g., one or more EEG electrode
leads affixed to a patient. In some implementations, the brain
sensors can be placed within a mammal or patient as
invasively placed sensors and devices such as, e.g., embed-
ded EEG electrodes, and the like. In some implementations,
the brain activity data can be obtained from one or more
physiologic sensors that are integrated with or communica-
tively coupled to a smartphone, a tablet computer, a watch
body, a watch band, or a wearable patch. For example, in
some implementations, the patient 402 can manually contact
a fixed pair of external electrodes or other sensors with his
or her fingers, or the patient 402 may wear a watch,
wristband, chest band, or other device that secures one or
more electrodes or other sensors in position on the patient
402 to sense the patient’s cardiac activity. A mobile com-
puting device (e.g., smartphone 420) may be used by the
patient 402 or a healthcare provider to configure aspects of
the data recording procedure in a clinical or non-clinical
setting.

[0149] The system 400 can further include a first data
recorder and control unit 406 for controlling and recording
the periphery data from the sensors. In some implementa-
tions, data recording and/or controlling umits can be inte-
grated into one or more sensor devices and/or a mobile
computing device (e.g., smartphone 420). The system 400
can further include a second data recorder and control unit
407 for controlling and recording the brain data from the
sensors. In some implementations, data recording and/or
controlling units can be integrated into one or more sensor
devices and/or a mobile computing device (e.g., smartphone
420). In some implementations, the first and second data
recorder and control units 406, 407 can be the same data
recorder and control unit and/or integrated into the same
device, such as one or more sensor devices and/or a mobile
computing device (e.g., smartphone 420).

[0150] The system 400 further includes a data processing
system 410, and one or more input/output devices (e.g.,
smartphone 420). In some implementations, data processing
system 410 can be integrated into one or more sensor
devices and/or a mobile computing device (e.g., smartphone
420). For example, a wearable sensing device can, in some
implementations, include brain and/or periphery data sen-
sors, one or more data recording and control units, the data
processing system, and, optionally, one or more input/output
interfaces.

[0151] The first and second data recorder and controller
units 406, 407 are communicably coupled to the processing
system 410. The processing system 410 is a system of one
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or more computers, which may be distributed in one or more
physical locations. System 410 may or may not be in the
same physical location as the patient 402 and/or the first
and/or second data recorder and controller units 406, 407.
The system 410 may be coupled to peripheral devices such
as a display screen (e.g., on smartphone 420) for presenting
information to a user, patient, or healthcare provider, and an
input interface (e.g., on smartphone 420) for receiving user
inputs. Moreover, the system 410 may include a variety of
components known to one of ordinary skill in the art that
facilitate processing of brain and/or peripheral data in the
processes described herein.

[0152] It should be understood that in some implementa-
tions, the brain and/or periphery data can be recorded and
processed simultaneously in real-time, or a delay can occur
between the recording of the data and the processing. For
example, the processing can be done using data recorded
minutes, days, or even years prior to the processing. The data
can be stored, e.g., on computer-readable media, for a length
of time prior to the processing of the data.

[0153] In some implementations, a seizure warning sys-
tem (not shown) is provided. The seizure warning system
can be described by system 400, wherein sensor 405
includes one or more electrodes for recording EEG signals
from the mammal, and wherein sensor(s) 404a and/or 4045
enable recording physiological data that describes a cardiac
activity of a mammal. In some implementations, the sensors
can be, e.g., one or more ECG electrode leads affixed to a
patient. In some implementations, the sensors can be
selected from sensors that measure or provide an indication
of changes in electrocardiogram (ECG) data, blood pressure
data, and photoplethysmography (PPG) data. The system
can determine an estimate of risk of a future seizure based
on a brain-cardiac temporal association and provide an
automatic warning based on the estimated risk. The system
can further optionally determine an estimate of timing of a
future seizure based on an brain-cardiac temporal associa-
tion and provide an automatic warning based on the esti-
mated timing, including, optionally an indication of the
estimated timing. In some implementations, the seizure
warning system can estimate risk and/or timing of clusters
seizures rather than individual seizures.

[0154] In some implementations of the processes
described herein, a method for estimating the risk of a
physiological event in a mammal prior to the occurrence of
the event is provided. FIG. 5 is a flowchart of an example
process 500 for estimating the risk of a physiological event
in a mammal prior to the occurrence of the event using
non-invasive monitoring of biological markers in a mam-
mal. In some implementations, process 500 can generate and
output an estimation of risk of a future physiological event
based on a brain-periphery temporal association. The pro-
cess 500 can be performed by a computing system, e.g.,
system 410 of FIG. 4. The process proceeds similarly to
process 300 described above. At stage 511, the system
obtains or receives brain data from a brain activity measure-
ment device that describes brain activity of a mammal over
a first period of time. At stage 512, the system obtains or
receives periphery data from a peripheral activity measure-
ment device that describes peripheral activity of a mammal
over a second period of time.

[0155] At stage 551, the system generates one or more
brain feature representations, e.g., EEG line length (EEG, ;)
representations, based on the brain data. At stage 552 the
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system generates one or more periphery feature representa-
tions based on the periphery data. In some implementations,
generating one or more brain feature representations based
on the brain data and/or generating one or more periphery
feature representations based on the periphery data can
include processing the respective brain or periphery data
through a univariate determination or a multivariate deter-
mination. In some implementations, processing the periph-
ery data includes determining a discrete estimate of the
logarithmic derivative of the one or more intervals as
described in process 100.

[0156] At stage 561, the system processes the brain activ-
ity feature representations and generates an estimated dis-
tribution of the brain activity feature representations of the
mammal over the period of time. At stage 562, the system
processes the periphery activity feature representations and
generates an estimated distribution of the periphery activity
feature representations of the mammal over the period of
time. At stage 571, the system identifies a predetermined
range within the distribution with which to compare the
brain activity feature representations within the distribution.
At stage 572, the system identifies a predetermined range
within the distribution with which to compare the periphery
activity feature representations within the distribution. In
some implementations, stage 571 and/or 572 involves an
optional step of identifying, by the system, a threshold range
within the brain and/or periphery distribution based on the
distribution. In some implementations, the process 500 can
optionally be used to build or train (e.g., via machine
learning) a model for determination of brain-periphery tem-
poral association, brain-periphery coincidence, and/or brain-
periphery coincidence rate. In such implementations of the
process, stages 511-571 and 512-572 are used to identify or
generate a modified threshold range or modified predeter-
mined range. The modified threshold or predetermined
range can then be provided as an output to a user or stored
in a memory, e.g., on computer-readable media, for later use
in process 500. The user can then return to stages 511 and
512 to repeat process 500 for the same, different, or new data
using the modified threshold or predetermined range. In this
manner, the predetermined range can be set to useful or
statistically significant values specific to a chosen disease,
periphery measurement, group of mammals, or individual
mammal or patient.

[0157] At stage 581, the system identifies one or more
brain activity feature representations that fall outside of a
predetermined range in the distribution and generates a set
of one or more target brain activity representations. At stage
582, the system identifies one or more periphery activity
feature representations that fall outside of a predetermined
range in the distribution and generates a set of one or more
target periphery activity representations. The process 500
further includes stage 592, wherein the system determines,
a brain-periphery temporal association between the one or
more target brain feature representations and the one or more
target periphery feature representations.

[0158] The process 500 can optionally further include
stage 596, wherein the system predicts and/or determines an
estimate of the risk of a future physiological event based on,
e.g., the occurrence of temporally associated, or coincident,
target brain-periphery feature representations. In some
implementations, the process can further include providing,
by the system, an estimate of risk of a future physiological
event based on the brain-periphery temporal association
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and/or a quantification of the brain-periphery temporal asso-
ciation. Optionally, the process can further include providing
an indication, such as, e.g., a graphical or tabular output of
the estimate of risk of the physiological event. In some
implementations, the output can be a physical output, an
image on a graphical user interface, an audible output, or the
like. In some implementations, the processes and systems
provide an early warning of a potential future physiological
event so that protective measures may be taken to lessen the
effect of the future physiological event, such as by ensuring
a safe, fall-free environment for a seizure, or taking inter-
vention measures, such as, e.g., anti-epileptic drugs in the
case of an impending epileptic seizure, that lessen the event,
prevent the event, or delay the event. In some implementa-
tions of the process, the system can provide a plot of the
magnitude and/or frequency of the brain-periphery temporal
association over the period of time. In some implementa-
tions of the process, the system can provide an estimate of
risk of a future physiological event based on a trend in the
magnitude and/or frequency of brain-periphery temporal
association. In some implementations of the process, the
system can provide an estimate of the timing of the future
physiological event, such as how long a subject has before
the physiological event will likely occur, giving the subject
a valuable indication of how much time is available to
prepare for or intervene against the future physiological
event, which may affect the preparation decisions and/or
choice of intervention methods and/or medications. In some
implementations of the process, an indication of an estimate
of risk of a future physiological event can also include an
indication of the estimate of timing of the potential future
physiological event.

[0159] In some implementations, the future physiological
event can be selected from the onset of acquired epilepsy, an
epileptic seizure, sudden unexpected death in epilepsy
(SUDEP), hydrocephalous, sepsis, and onset of cerebral
palsy. In some implementations of process 500, the periph-
ery data s ECG data; receiving and/or processing the
periphery data includes the methods of process 100; and the
physiological event is selected from the onset of acquired
epilepsy, an epileptic seizure, and sudden unexpected death
in epilepsy (SUDEP).

[0160] In some implementations of the processes
described herein, a method for preventing an occurrence of
a physiological event in a mammal is provided. FIG. 6 is a
flowchart of an example process 600 for estimating the risk
of a physiological event in a mammal prior to the occurrence
of the event using non-invasive monitoring of biological
markers in a mammal. In some implementations, process
600 can generate and output an estimation of risk of a future
physiological event based on a brain-periphery temporal
association. The process 600 can be performed by a com-
puting system, e.g., system 410 of FIG. 4. The process
proceeds similarly to processes 300 and 500 described
above. At stage 611, the system obtains or receives brain
data from a brain activity measurement device that describes
brain activity of a mammal over a first period of time. At
stage 612, the system obtains or receives periphery data
from a peripheral activity measurement device that describes
peripheral activity of a mammal over a second period of
time.

[0161] At stage 651, the system generates one or more
brain feature representations, e.g., EEG line length (EEG, ;)
representations, based on the brain data. At stage 652 the
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system generates one or more periphery feature representa-
tions based on the periphery data. In some implementations,
generating one or more brain feature representations based
on the brain data and/or generating one or more periphery
feature representations based on the periphery data can
include processing the respective brain or periphery data
through a univariate determination or a multivariate deter-
mination. In some implementations, processing the periph-
ery data includes determining a discrete estimate of the
logarithmic derivative of the one or more intervals as
described in process 100.

[0162] At stage 661, the system processes the brain activ-
ity feature representations and generates an estimated dis-
tribution of the brain activity feature representations of the
mammal over the period of time. At stage 662, the system
processes the periphery activity feature representations and
generates an estimated distribution of the periphery activity
feature representations of the mammal over the period of
time. At stage 671, the system identifies a predetermined
range within the distribution with which to compare the
brain activity feature representations within the distribution.
At stage 672, the system identifies a predetermined range
within the distribution with which to compare the periphery
activity feature representations within the distribution. In
some implementations, stage 671 and/or 672 involves an
optional step of identifying, by the system, a threshold range
within the brain and/or periphery distribution based on the
distribution. In some implementations, the process 600 can
optionally be used to build or train (e.g., via machine
learning) a model for determination of brain-periphery tem-
poral association, brain-periphery coincidence, and/or brain-
periphery coincidence rate. In such implementations of the
process, stages 611-671 and 612-672 are used to identify or
generate a modified threshold range or modified predeter-
mined range. The modified threshold or predetermined
range can then be provided as an output to a user or stored
in a memory, e.g., on computer-readable media, for later use
in process 600. The user can then return to stages 611 and
612 to repeat process 600 for the same, different, or new data
using the modified threshold or predetermined range. In this
manner, the predetermined range can be set to useful or
statistically significant values specific to a chosen disease,
periphery measurement, group of mammals, or individual
mammal or patient.

[0163] At stage 681, the system identifies one or more
brain activity feature representations that fall outside of a
predetermined range in the distribution and generates a set
of one or more target brain activity representations. At stage
682, the system identifies one or more periphery activity
feature representations that fall outside of a predetermined
range in the distribution and generates a set of one or more
target periphery activity representations. The process 600
further includes stage 692, wherein the system determines,
a brain-periphery temporal association between the one or
more target brain feature representations and the one or more
target periphery feature representations.

[0164] The process 600 can optionally further include
stage 696, wherein the system predicts and/or determines an
estimate of the risk of a future physiological event based on,
e.g., the occurrence of temporally associated, or coincident,
target brain-periphery feature representations. In some
implementations, the process can further include providing,
by the system, an estimate of risk of a future physiological
event based on the brain-periphery temporal association
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and/or a quantification of the brain-periphery temporal asso-
ciation. Optionally, the process can further include stage
697, providing an indication, such as, e.g., a graphical or
tabular output of the estimate of risk of the physiological
event. In some implementations, the output can be a physical
output, an image on a graphical user interface, an audible
output, or the like. In some implementations, the processes
and systems provide an early warning of a potential future
physiological event so that protective measures may be
taken to lessen the effect of the future physiological event,
such as by ensuring a safe, fall-free environment for a
seizure, or taking intervention measures, such as, e.g,
anti-epileptic drugs in the case of an impending epileptic
seizure, that lessen the event, prevent the event, or delay the
event. In some implementations of the process, the system
can provide a plot of the magnitude and/or frequency of the
brain-periphery temporal association over the period of
time. In some implementations of the process, the system
can provide an estimate of risk of a future physiological
event based on a trend in the magnitude and/or frequency of
brain-periphery temporal association. In some implementa-
tions of the process, the system can provide an estimate of
the timing of the future physiological event, such as how
long a subject has before the physiological event will likely
occur, giving the subject a valuable indication of how much
time is available to prepare for or intervene against the future
physiological event, which may affect the preparation deci-
sions and/or choice of intervention methods and/or medica-
tions. In some implementations of the process, an indication
of an estimate of risk of a future physiological event can also
include an indication of the estimate of timing of the
potential future physiological event.

[0165] In some implementations, the future physiological
event can be selected from the onset of acquired epilepsy, an
epileptic seizure, sudden unexpected death in epilepsy
(SUDEP), hydrocephalous, sepsis, and onset of cerebral
palsy. In some implementations of process 600, the periph-
ery data is ECG data; receiving and/or processing the
periphery data includes the methods of process 100; and the
physiological event is selected from the onset of acquired
epilepsy, an epileptic seizure, and sudden unexpected death
in epilepsy (SUDEP).

[0166] The process 600 can optionally further include
stage 698, wherein at least one intervention measure that is
commensurate with the prevention of the specific physi-
ological event can be applied. In some implementations of
process 600, estimating the risk and applying the interven-
tion measure can be performed automatically, e.g., by a
wearable device such as, e.g., a medication pump. In some
implementations of process 600, the physiological event is
the onset of acquired epilepsy and the at least on intervention
measure is an anti-epileptogenesis therapy. In some imple-
mentations, the intervention measure is a therapy that helps
with blood brain barrier (BBB) integrity. In some imple-
mentations, the intervention measure is a cerebrovascular
drug. In some implementations of process 600, the physi-
ological event is an epileptic seizure and the at least on
intervention measure is an anti-epileptic drug (AED), such
as, e.g., a drug selected from Acetazolamide, Carbam-
azepine, Clobazam, Clonazepam, Eslicarbazepine acetate,
Ethosuximide, Gabapentin, Lacosamide, Lamotrigine,
Levetiracetam, Nitrazepam, Oxcarbazepine, Perampanel,
Piracetam, Phenobarbital, Phenytoin, Pregabalin, Primi-
done, Rufinamide, Sodium valproate, Stiripentol, Tiagabine,
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Topiramate, Vigabatrin, Zonisamide, and the like, and com-
binations thereof. In some implementations, process 600 can
optionally further include evaluating effectiveness of an
intervention measure by determining, through standard
methods the efficacy of the intervention measure after appli-
cation of the intervention measure. In some implementa-
tions, evaluating effectiveness of an intervention measure
can include repeating stages 611-692 and 612-692 to detet-
mine if the brain-periphery temporal associations are pres-
ent, have decreased in frequency or magnitude, or the like.

[0167] In some implementations of the processes
described herein, a method for detecting a brain-periphery
coincidence in a mammal is provided. The method can
include obtaining brain activity data that describes brain
activity of the mammal over a period of time; obtaining
peripheral activity data that describes peripheral activity of
the mammal over a period of time; processing the peripheral
activity data to generate independent peripheral activity data
that is independent of behavioral state; and using a machine-
learning model to detect presence of a brain-periphery
coincidence in the mammal based on the brain activity data
and the peripheral activity data.

[0168] FIG. 24 shows an example of a computing device
2400 and an example of a mobile computing device that can
be used to implement the techniques described here. The
computing device 2400 is intended to represent various
forms of digital computers, such as laptops, desktops, work-
stations, personal digital assistants, servers, blade servers,
mainframes, and other appropriate computers. The mobile
computing device is intended to represent various forms of
mobile devices, such as personal digital assistants, cellular
telephones, smart-phones, and other similar computing
devices. The components shown here, their connections and
relationships, and their functions, are meant to be exemplary
only, and are not meant to limit implementations of the
inventions described and/or claimed in this document.

[0169] The computing device 2400 includes a processor
2402, a memory 2404, a storage device 2406, a high-speed
interface 2408 connecting to the memory 2404 and multiple
high-speed expansion ports 2410, and a low-speed interface
2412 connecting to a low-speed expansion port 2414 and the
storage device 2406. Fach of the processor 2402, the
memory 2404, the storage device 2406, the high-speed
interface 2408, the high-speed expansion ports 2410, and the
low-speed interface 2412, are interconnected using various
busses, and may be mounted on a common motherboard or
in other manners as appropriate. The processor 2402 can
process instructions for execution within the computing
device 2400, including instructions stored in the memory
2404 or on the storage device 2406 to display graphical
information for a GUI on an external input/output device,
such as a display 2416 coupled to the high-speed interface
2408. In other implementations, multiple processors and/or
multiple buses may be used, as appropriate, along with
multiple memories and types of memory. Also, multiple
computing devices may be connected, with each device
providing portions of the necessary operations (e.g., as a
server bank, a group of blade servers, or a multi-processor
system).

[0170] The memory 2404 stores information within the
computing device 2400. In some implementations, the
memory 2404 is a volatile memory unit or units. In some
implementations, the memory 2404 is a non-volatile
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memory unit or units. The memory 2404 may also be
another form of computer-readable medium, such as a
magnetic or optical disk.

[0171] The storage device 2406 is capable of providing
mass storage for the computing device 2400. In some
implementations, the storage device 2406 may be or contain
a computer-readable medium, such as a floppy disk device,
a hard disk device, an optical disk device, or a tape device,
a flash memory or other similar solid state memory device,
or an array of devices, including devices in a storage area
network or other configurations. A computer program prod-
uct can be tangibly embodied in an information carrier. The
computer program product may also contain instructions
that, when executed, perform one or more methods, such as
those described above. The computer program product can
also be tangibly embodied in a computer- or machine-
readable medium, such as the memory 2404, the storage
device 2406, or memory on the processor 2402.

[0172] The high-speed interface 2408 manages band-
width-intensive operations for the computing device 2400,
while the low-speed interface 2412 manages lower band-
width-intensive operations. Such allocation of functions is
exemplary only. In some implementations, the high-speed
interface 2408 is coupled to the memory 2404, the display
2416 (e.g., through a graphics processor or accelerator), and
to the high-speed expansion ports 2410, which may accept
various expansion cards (not shown). In the implementation,
the low-speed interface 2412 is coupled to the storage device
2406 and the low-speed expansion port 2414. The low-speed
expansion port 2414, which may include various commu-
nication ports (e.g., USB, Bluetooth, Ethernet, wireless
Ethernet) may be coupled to one or more input/output
devices, such as a keyboard, a pointing device, a scanner, or
a networking device such as a switch or router, e.g., through
a network adapter.

[0173] The computing device 2400 may be implemented
in a number of different forms, as shown in the figure. For
example, it may be implemented as a standard server 2420,
or multiple times in a group of such servers. In addition, 1t
may be implemented in a personal computer such as a laptop
computer 2422. It may also be implemented as part of a rack
server system 2424. Alternatively, components from the
computing device 2400 may be combined with other com-
ponents in a mobile device (not shown), such as a mobile
computing device 2450. Each of such devices may contain
one or more of the computing device 2400 and the mobile
computing device 2450, and an entire system may be made
up of multiple computing devices communicating with each
other.

[0174] The mobile computing device 2450 includes a
processor 2452, a memory 2464, an input/output device such
as a display 2454, a communication interface 2466, and a
transceiver 2468, among other components. The mobile
computing device 2450 may also be provided with a storage
device, such as a micro-drive or other device, to provide
additional storage. Each of the processor 2452, the memory
2464, the display 2454, the communication interface 2466,
and the transceiver 2468, are interconnected using various
buses, and several of the components may be mounted on a
common motherboard or in other manners as appropriate.
[0175] The processor 2452 can execute instructions within
the mobile computing device 2450, including instructions
stored in the memory 2464. The processor 2452 may be
implemented as a chipset of chips that include separate and
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multiple analog and digital processors. The processor 2452
may provide, for example, for coordination of the other
components of the mobile computing device 2450, such as
control of user interfaces, applications run by the mobile
computing device 2450, and wireless communication by the
mobile computing device 2450.

[0176] The processor 2452 may communicate with a user
through a control interface 2458 and a display interface 2456
coupled to the display 2454. The display 2454 may be, for
example, a TFT (Thin-Film-Transistor Liquid Crystal Dis-
play) display or an OLED (Organic Light Emitting Diode)
display, or other appropriate display technology. The display
interface 2456 may comprise appropriate circuitry for driv-
ing the display 2454 to present graphical and other infor-
mation to a user. The control interface 2458 may receive
commands from a user and convert them for submission to
the processor 2452. In addition, an external interface 2462
may provide communication with the processor 2452, so as
to enable near area communication of the mobile computing
device 2450 with other devices. The external interface 2462
may provide, for example, for wired communication in some
implementations, or for wireless communication in other
implementations, and multiple interfaces may also be used.
[0177] The memory 2464 stores information within the
mobile computing device 2450. The memory 2464 can be
implemented as one or more of a computer-readable
medium or media, a volatile memory unit or units, or a
non-volatile memory unit or units. An expansion memory
2474 may also be provided and connected to the mobile
computing device 2450 through an expansion interface
2472, which may include, for example, a SIMM (Single In
Line Memory Module) card interface. The expansion
memory 2474 may provide extra storage space for the
mobile computing device 2450, or may also store applica-
tions or other information for the mobile computing device
2450. Specifically, the expansion memory 2474 may include
instructions to carry out or supplement the processes
described above, and may include secure information also.
Thus, for example, the expansion memory 2474 may be
provide as a security module for the mobile computing
device 2450, and may be programmed with instructions that
permit secure use of the mobile computing device 2450. In
addition, secure applications may be provided via the SIMM
cards, along with additional information, such as placing
identifying information on the SIMM card in a non-hackable
manner.

[0178] The memory may include, for example, flash
memory and/or NVRAM memory (non-volatile random
access memory), as discussed below. In some implementa-
tions, a computer program product is tangibly embodied in
an information carrier. The computer program product con-
tains instructions that, when executed, perform one or more
methods, such as those described above. The computer
program product can be a computer- or machine-readable
medium, such as the memory 2464, the expansion memory
2474, or memory on the processor 2452. In some imple-
mentations, the computer program product can be received
in a propagated signal, for example, over the transceiver
2468 or the external interface 2462.

[0179] The mobile computing device 2450 may commu-
nicate wirelessly through the communication interface 2466,
which may include digital signal processing circuitry where
necessary. The communication interface 2466 may provide
for communications under various modes or protocols, such
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as GSM voice calls (Global System for Mobile communi-
cations), SMS (Short Message Service), EMS (Enhanced
Messaging Service), or MMS messaging (Multimedia Mes-
saging Service), CDMA (code division multiple access),
TDMA (time division multiple access), PDC (Personal
Digital Cellular), WCDMA (Wideband Code Division Mul-
tiple Access), CDMA2000, or GPRS (General Packet Radio
Service), among others. Such communication may occur, for
example, through the transceiver 2468 using a radio-fre-
quency. In addition, short-range communication may occur,
such as using a Bluetooth, WiFi, or other such transceiver
(not shown). In addition, a GPS (Global Positioning System)
receiver module 2470 may provide additional navigation-
and location-related wireless data to the mobile computing
device 2450, which may be used as appropriate by applica-
tions running on the mobile computing device 2450.
[0180] The mobile computing device 2450 may also com-
municate audibly using an audio codec 2460, which may
receive spoken information from a user and convert it to
usable digital information. The audio codec 2460 may
likewise generate audible sound for a user, such as through
a speaker, e.g., in a handset of the mobile computing device
2450. Such sound may include sound from voice telephone
calls, may include recorded sound (e.g., voice messages,
music files, etc.) and may also include sound generated by
applications operating on the mobile computing device
2450.

[0181] The mobile computing device 2450 may be imple-
mented in a number of different forms, as shown in the
figure. For example, it may be implemented as a cellular
telephone 2480. It may also be implemented as part of a
smart-phone 2482, personal digital assistant, or other similar
mobile device.

[0182] Various implementations of the systems and tech-
niques described here can be realized in digital electronic
circuitry, integrated circuitry, specially designed ASICs (ap-
plication specific integrated circuits), computer hardware,
firmware, software, and/or combinations thereof. These
various implementations can include implementation in one
or more computer programs that are executable and/or
interpretable on a programmable system including at least
one programmable processor, which may be special or
general purpose, coupled to receive data and instructions
from, and to transmit data and instructions to, a storage
system, at least one input device, and at least one output
device.

[0183] These computer programs (also known as pro-
grams, software, software applications or code) include
machine instructions for a programmable processor, and can
be implemented in a high-level procedural and/or object-
oriented programming language, and/or in assembly/ma-
chine language. As used herein, the terms “machine-read-
able medium” “computer-readable medium” refers to any
computer program product, apparatus and/or device (e.g.,
magnetic discs, optical disks, memory, Programmable Logic
Devices (PLDs)) used to provide machine instructions and/
or data to a programmable processor, including a machine-
readable medium that receives machine instructions as a
machine-readable signal, and also including devices in
which some or all of the instruction logic is encoded into the
hardware design (e.g., ASICs, including digital or mixed
analog/digital devices). The term “machine-readable signal”
refers to any signal used to provide machine instructions
and/or data to a programmable processor.
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[0184] To provide for interaction with a user, the systems
and techniques described here can be implemented on a
computer having a display device (e.g., a CRT (cathode ray
tube) or LCD (liquid crystal display) monitor) for displaying
information to the user and a keyboard and a pointing device
(e.g., a mouse or a trackball) by which the user can provide
input to the computer. Other kinds of devices can be used to
provide for interaction with a user as well; for example,
feedback provided to the user can be any form of sensory
feedback (e.g., visual feedback, auditory feedback, or tactile
feedback); and input from the user can be received in any
form, including acoustic, speech, or tactile input.

[0185] The systems and techniques described here can be
implemented in a computing system that includes a back end
component (e.g., as a data server), or that includes a middle-
ware component (e.g., an application server), or that
includes a front end component (e.g., a client computer
having a graphical user interface or a Web browser through
which a user can interact with an implementation of the
systems and techniques described here), or any combination
of such back end, middleware, or front end components. The
components of the system can be interconnected by any
form or medium of digital data communication (e.g., a
communication network). Examples of communication net-
works include a local area network (“LLAN”), a wide area
network (“WAN”), peer-to-peer networks (having ad-hoc or
static members), grid computing infrastructures, and the
Internet.

[0186] The computing system can include clients and
servers. A client and server are generally remote from each
other and typically interact through a communication net-
work. The relationship of client and server arises by virtue
of computer programs running on the respective computers
and having a client-server relationship to each other.

[0187] A number of embodiments of the invention have
been described. Nevertheless, it will be understood that
various modifications may be made without departing from
the spirit and scope of the invention. Accordingly, other
embodiments are within the scope of the following claims
and exemplary embodiments.

Embodiment 1

[0188] A computer-implemented method, comprising:

[0189] receiving, by a system of one or more com-
puters, physiological data that describes cardiac
activity of a mammal over a period of time;

[0190] identifying, by the system, two or more ref-
erence points in the physiological data;

[0191] determining, by the system, one or more inter-
vals wherein each interval is an interval between a
unique set of two of the reference points;

[0192] processing, by the system, the one or more
intervals to generate one or more cardiac activity
feature representations, wherein a distribution of the
cardiac activity feature representations of the mam-
mal over the period of time is independent of the
mammal’s behavioral state during the period of time;
and

[0193] providing, by the system, an indication of the
cardiac activity feature representations of the mam-
mal over the period of time.
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Embodiment 2

[0194] The computer-implemented method of embodi-
ment 1, further comprising;

[0195] processing, by the system, the cardiac activity
feature representations to generate an estimated dis-
tribution of the cardiac activity feature representa-
tions of the mammal over the period of time; and

[0196] providing, by the system, an indication of the
distribution of the cardiac activity feature represen-
tations of the mammal over the period of time.

Embodiment 3

[0197] The computer-implemented method of embodi-
ment 2, further comprising;

[0198] identifying, by the system, a threshold range

within the distribution based on the distribution; and

[0199] providing, by the system, an indication of the
threshold range.

Embodiment 4

[0200] The computer-implemented method of embodi-
ment 3, further comprising;

[0201] identifying, by the system, one or more car-
diac activity feature representations that are outside
of a predetermined range in the distribution to gen-
erate a set of one or more target cardiac activity
feature representations; and

[0202] providing, by the system, an indication of the
one or more target cardiac activity feature represen-
tations outside of the predetermined range in the
distribution.

Embodiment 5

[0203] The computer-implemented method of embodi-
ment 4, further comprising;

[0204] quantifying, by the system, the magnitude of
the one or more target cardiac activity feature rep-
resentations; and

[0205] providing, by the system, an indication of the
magnitude of the one or more target cardiac activity
feature representations.

Embodiment 6

[0206] The computer-implemented method of any one
of embodiments 4 or 5, further comprising:

[0207] quantifying, by the system, the frequency of
the one or more target cardiac activity feature rep-
resentations; and

[0208] providing, by the system, an indication of the
frequency of the one or more target cardiac activity
feature representations.

Embodiment 7

[0209] The computer-implemented method of embodi-
ment 5, further comprising;
[0210] providing, by the system, a plot of the mag-
nitude of the one or more target cardiac activity
feature representations over the period of time.
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Embodiment 8

[0211] The computer-implemented method of embodi-
ment 6, further comprising;
[0212] providing, by the system, a plot of the fre-
quency of the one or more target cardiac activity
feature representations over the period of time.

Embodiment 9

[0213] The computer-implemented method of any one
of embodiments 4-8, wherein the predetermined range
is based on the threshold range.

Embodiment 10

[0214] The computer-implemented method of any one
of embodiments 4-8, wherein the predetermined range
is the threshold range.

Embodiment 11

[0215] The computer-implemented method of any one
of embodiments 4-10, wherein each of the one or more
target cardiac activity feature representations describes
a single heartbeat of the mammal.

Embodiment 12

[0216] The computer-implemented method of any one
of embodiments 1-11, wherein the physiological data is
representative of an electrophysiologic pattern of the
cardiac function of the mammal.

Embodiment 13

[0217] The computer-implemented method of any one
of embodiments 1-11, wherein the physiological data is
selected from electrocardiogram (ECG) data, blood
pressure data, and photoplethysmography (PPG) data.

Embodiment 14

[0218] The computer-implemented method of any one
of embodiments 1-13, wherein the physiological data is
ECG data and wherein the reference points correspond
to one or more morphological feature representations of
an ECG of the mammal.

Embodiment 15

[0219] The computer-implemented method of embodi-
ment 14, wherein the morphological feature represen-
tations are selected from a T-wave peak, a P-wave peak,
aR-wave peak, an onset of a P-wave, an onset of Q, and
an end of a T-wave.

Embodiment 16

[0220] The computer-implemented method of any one
of embodiments 1-15, wherein at least one of the two
or more reference points are representative of at least
one feature of a QRS complex or at least one feature
within a QRS complex of the mammal.

Embodiment 17

[0221] The computer-implemented method of embodi-
ment 16, wherein the reference points are R wave
peaks.

Oct. 31,2019

Embodiment 18

[0222] The computer-implemented method of embodi-
ment 17, wherein the one or more intervals include at
least one RR interval.

Embodiment 19

[0223] The computer-implemented method of any one
of embodiments 1-18, wherein the one or more intet-
vals are selected from an interval between two succes-
sive reference points and an interval between two
successive like reference points.

Embodiment 20

[0224] The computer-implemented method of any one
of embodiments 1-19, wherein the period of time
ranges from about 15 minutes to about 200 days.

Embodiment 21

[0225] The computer-implemented method of any one
of embodiments 1-20, wherein processing the one or
more intervals comprises determining for each interval
a discrete estimate of the logarithmic derivative of the
one or more intervals at a selected reference time,
proportional to the difference in the interval before and
after each selected reference time determined over a
first time window, normalized by the average interval
over a second time window.

Embodiment 22

[0226] The computer-implemented method of embodi-
ment 21, wherein the first time window is at least 100
ms.

Embodiment 23

[0227] The computer-implemented method of embodi-
ment 21, wherein the first time window is at least 1
second.

Embodiment 24

[0228] The computer-implemented method of embodi-
ment 21, wherein the first time window is selected from
a window of from about 100 ms to about 500 ms and
a window of from about 750 ms to about 5000 ms.

Embodiment 25

[0229] The computer-implemented method of embodi-
ment 21, wherein the second time window is greater
than first time window.

Embodiment 26

[0230] The computer-implemented method of embodi-
ment 21, wherein the second time window is twice the
length of the first time window.

Embodiment 27

[0231] The computer-implemented method of embodi-
ment 21, wherein the first and second time windows are
sliding time windows.
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Embodiment 28

[0232] The computer-implemented method of embodi-
ment 21, wherein processing the one or more intervals
comprises determining dInRR at any time, T, using first
window length t and second window length 21, accord-
ing to the equation:

— T J—
u ar 2 RRIT + 5) - RRI(T - 5
nRR(T); & - ——F———F,
RRI(T + 5) + RFI(T - 5
wherein
RRI(T) = , and
Nir(T)

Ngp(T) = fractional number of intervalse [T -7/2, T +7/2],

[0233]

[0234] wherein the fractional number of intervals
include partial intervals that remain inside the first or
second time windows.

and

Embodiment 29

[0235] The computer-implemented method of any one
of embodiments 1-28, wherein the mammal is human.

Embodiment 30

[0236] The computer-implemented method of any one
of embodiments 1-28, wherein the mammal is mouse.

Embodiment 31

[0237] The computer-implemented method of any one
of embodiments 1-28, wherein the mammal is rat.

Embodiment 32

[0238] One or more non-transitory computer-readable
media encoded with instructions that, when executed
by one or more processors of a system, cause the one
or more processors to perform operations comprising:

[0239] receiving, by a system of one or more com-
puters, physiological data that describes cardiac
activity of a mammal over a period of time;

[0240] identifying, by the system, two or more ref-
erence points in the physiological data;

[0241] determining, by the system, one or more inter-
vals wherein each interval is an interval between a
unique set of two of the reference points;

[0242] processing, by the system, the one or more
intervals to generate one or more cardiac activity
feature representations, wherein a distribution of the
cardiac activity feature representations of the mam-
mal over the period of time is independent of the
mammal’s behavioral state during the period of time;
and

[0243] providing, by the system, an indication of the
cardiac activity feature representations of the mam-
mal over the period of time.

28
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Embodiment 33

[0244] The computer-readable media of embodiment

32, further comprising:

[0245] processing, by the system, the cardiac activity
feature representations to generate an estimated dis-
tribution of the cardiac activity feature representa-
tions of the mammal over the period of time; and

[0246] providing, by the system, an indication of the
distribution of the cardiac activity feature represen-
tations of the mammal over the period of time.

Embodiment 34

[0247] The computer-readable media of embodiment
33, further comprising:

[0248] identifying, by the system, a threshold range

within the distribution based on the distribution; and

[0249] providing, by the system, an indication of the
threshold range.

Embodiment 35

[0250] The computer-readable media of embodiment

34, further comprising:

[0251] identifying, by the system, one or more car-
diac activity feature representations that are outside
of a predetermined range in the distribution to gen-
erate a set of one or more target cardiac activity
feature representations; and

[0252] providing, by the system, an indication of the
one or more target cardiac activity feature represen-
tations outside of the predetermined range in the
distribution.

Embodiment 36

[0253] The computer-readable media of embodiment

35, further comprising:

[0254] quantifying, by the system, the magnitude of
the one or more target cardiac activity feature rep-
resentations; and

[0255] providing, by the system, an indication of the
magnitude of the one or more target cardiac activity
feature representations.

Embodiment 37

[0256] The computer-readable media of any one of
embodiments 35 or 36, further comprising:

[0257] quantifying, by the system, the frequency of
the one or more target cardiac activity feature rep-
resentations; and

[0258] providing, by the system, an indication of the
frequency of the one or more target cardiac activity
feature representations.

Embodiment 38

[0259] The computer-readable media of embodiment
36, further comprising:
[0260] providing, by the system, a plot of the mag-
nitude of the one or more target cardiac activity
feature representations over the period of time.
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Embodiment 39

[0261] The computer-readable media of embodiment
37, further comprising:
[0262] providing, by the system, a plot of the fre-
quency of the one or more target cardiac activity
feature representations over the period of time.

Embodiment 40

[0263] The computer-readable media of any one of
embodiments 35-39, wherein the predetermined range
is based on the threshold range.

Embodiment 41

[0264] The computer-readable media of any one of
embodiments 35-39, wherein the predetermined range
is the threshold range.

Embodiment 42

[0265] The computer-readable media of any one of
embodiments 35-41, wherein each of the one or more
target cardiac activity feature representations describes
a single heartbeat of the mammal.

Embodiment 43

[0266] The computer-readable media of any one of
embodiments 32-42, wherein the physiological data is
representative of an electrophysiologic pattern of the
cardiac function of the mammal.

Embodiment 44

[0267] The computer-readable media of any one of
embodiments 32-42, wherein the physiological data is
selected from electrocardiogram (ECG) data, blood
pressure data, and photoplethysmography (PPG) data.

Embodiment 45

[0268] The computer-readable media of any one of
embodiments 32-44, wherein the physiological data is
ECG data and wherein the reference points correspond
to one or more morphological features of an ECG of the
mammal.

Embodiment 46

[0269] The computer-readable media of embodiment
45, wherein the morphological features are selected
from a T-wave peak, a P-wave peak, a R-wave peak, an
onset of a P-wave, an onset of Q, and an end of a
T-wave.

Embodiment 47

[0270] The computer-readable media of any one of
embodiments 32-46, wherein at least one of the two or
more reference points are representative of at least one
feature of a QRS complex or at least one feature within
a QRS complex of the mammal.

Embodiment 48

[0271] The computer-readable media of embodiment
47, wherein the reference points are R wave peaks.
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Embodiment 49

[0272] The computer-readable media of embodiment
48, wherein the one or more intervals include at least
one RR interval.

Embodiment 50

[0273] The computer-readable media of any one of
embodiments 32-49, wherein the one or more intervals
are selected from an interval between two successive
reference points and an interval between two succes-
sive like reference points.

Embodiment 51

[0274] The computer-readable media of any one of
embodiments 32-50, wherein the period of time ranges
from about 15 minutes to about 200 days.

Embodiment 52

[0275] The computer-readable media of any one of
embodiments 32-51, wherein processing the one or
more intervals comprises determining for each interval
a discrete estimate of the logarithmic derivative of the
one or more intervals at a selected reference time,
proportional to the difference in the interval before and
after each selected reference time determined over a
first time window, normalized by the average interval
over a second time window.

Embodiment 53

[0276] The computer-readable media of embodiment
52, wherein the first time window is at least 100 ms.

Embodiment 54

[0277] The computer-readable media of embodiment
52, wherein the first time window is at least 1 second.

Embodiment 55

[0278] The computer-readable media of embodiment
52, wherein the first time window is selected from a
window of from about 100 ms to about 500 ms and a
window of from about 750 ms to about 5000 ms.

Embodiment 56

[0279] The computer-readable media of embodiment
52, wherein the second time window is greater than first
time window.

Embodiment 57

[0280] The computer-readable media of embodiment
52, wherein the second time window is twice the length
of the first time window.

Embodiment 58

[0281] The computer-readable media of embodiment
52, wherein the first and second time windows are
sliding time windows.

Embodiment 59

[0282] The computer-readable media of embodiment
52, wherein processing the one or more intervals com-
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prises determining dInRR at any time, T, using first
window length t and second window length 21, accord-
ing to the equation:

=

RRIT+ 2)-RRI(T - )
dnRR(T), 2 %%
RRI(T + 5) +RRIT - =)

wherein

RRI(T) = %T) and
RR\

Ngg(T) = fractional number of intervalse [T -7/2, T +7/2],

[0283] and
[0284] wherein the fractional number of intervals
include partial intervals that remain inside the first or
second time windows.

Embodiment 60

[0285] The computer-readable media of any one of
embodiments 32-59, wherein the mammal is human.

Embodiment 61

[0286] The computer-readable media of any one of
embodiments 32-59, wherein the mammal is mouse.

Embodiment 62

[0287] The computer-readable media of any one of
embodiments 32-59, wherein the mammal is rat.

Embodiment 63

[0288] A computing system, comprising:
[0289] one or more processors; and
[0290] one or more computer-readable media
encoded with instructions that, when executed by the
one or more processors, cause the one or more
processors to perform the method of any one of
embodiments 1-31.

Embodiment 64

[0291] A system comprising:
[0292] one or more electrodes for recording electro-
cardiographic (ECG) signals from a mammal; and

[0293] acomputing system according to embodiment
63.

Embodiment 65

[0294] A method of identifying statistically significant
cardiac events in a mammal over a period of time,
wherein the cardiac events are independent of the
mammal’s behavioral state during the period of time,
comprising;

[0295] obtaining physiological data that describes
cardiac activity of the mammal over a period of time;

[0296] receiving, by a system of one or more com-
puters, the physiological data that describes cardiac
activity of a mammal over a period of time;
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[0297] identifying, by the system, two or more ref-
erence points in the representation of cardiac activ-
ity;

[0298] determining, by the system, one or more inter-
vals wherein each interval is an interval between a
unique set of two of the reference points;

[0299] processing, by the system, the one or more
intervals to generate one or more cardiac activity
feature representations, wherein a distribution of the
cardiac activity feature representations of the mam-
mal over the period of time is independent of the
mammal’s behavioral state during the period of time;

[0300] processing, by the system, the cardiac activity
feature representations to generate an estimated dis-
tribution of the cardiac activity feature representa-
tions of the mammal over the period of time;

[0301] identifying, by the system, one or more car-
diac activity feature representations that are outside
of a predetermined range in the distribution to gen-
erate a set of one or more target cardiac activity
feature representations; and

[0302] providing, by the system, an indication of the
one or more target cardiac activity feature represen-
tations outside of the predetermined range in the
distribution.

Embodiment 66

[0303] The method of embodiment 65, further com-
prises quantifying, by the system, the magnitude of the
one or more target intervals.

Embodiment 67

[0304] The method of any one of embodiments 65 and
66, wherein processing the one or more intervals com-
prises determining for each of one or more selected
reference times a discrete estimate of the logarithmic
derivative of the one or more intervals at the selected
reference time, proportional to the difference in the
interval before and after each selected reference time
determined over a first time window, normalized by the
average interval over a second time window.

Embodiment 68

[0305] The method of any one of embodiments 65-67,
wherein the physiological data is selected from elec-
trocardiogram (ECG) data, blood pressure data, and
photoplethysmography (PPG) data.

Embodiment 69

[0306] The method of any one of embodiments 65-68,
wherein the physiological data was obtained one or
more physiologic sensors that are integrated with or
communicatively coupled to a smartphone, a tablet
computer, a watch body, a watch band, or a wearable
patch.

Embodiment 70

[0307] A computer-implemented method, comprising;
[0308] receiving, by a system of one or more com-
puters, brain data from a brain activity measurement
device that describes brain activity of a mammal
over a first period of time;
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[0309] receiving, by the system, periphery data from
a peripheral activity measurement device that
describes peripheral activity of a mammal over a
second period of time;

[0310] generating, by the system, one or more brain
feature representations based on the brain data;

[0311] generating, by the system, one or more periph-
ery feature representations based on the periphery
data;

[0312] generating, by the system, one or more brain
statistical distributions of the one or more brain
features;

[0313] generating, by the system, one or more periph-
ery statistical distributions of the one or more periph-
ery feature representations;

[0314] identifying, by the system, one or more brain
feature representations that fall outside of a prede-
termined range in the brain statistical distribution to
generate a set of one or more target brain feature
representations;

[0315] identifying, by the system, one or more
periphery feature representations that fall outside of
a predetermined range in the periphery statistical
distribution to generate a set of one or more target
periphery feature representations;

[0316] determining, by the system, a brain-periphery
temporal association between the one or more target
brain feature representations and the one or more
target periphery feature representations; and

[0317] providing, by the system, an indication of the
temporal association.

Embodiment 71

[0318] The computer-implemented method of embodi-
ment 70, further comprising:
[0319] determining, by the system, a quantification of
the brain-periphery temporal association; and
[0320] providing, by the system, an indication of the
quantification of the brain-periphery temporal asso-
ciation.

Embodiment 72

[0321] The computer-implemented method of any one
of embodiments 70 or 71, further comprising:

[0322] determining a brain-periphery coincidence
rate of one or more target brain feature representa-
tions and one or more target periphery feature rep-
resentations; and

[0323] providing, by the system, and indication of the
brain-periphery coincidence.

Embodiment 73

[0324] The computer-implemented method of any one
of embodiments 70-72, wherein determining the tem-
poral association comprises comparing all brain fea-
ture-periphery feature pairs of one or more target brain
feature representations and one or more target periph-
ery feature representations.

Embodiment 74

[0325] The computer-implemented method of embodi-
ment 73, wherein comparing all brain feature-periphery
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feature pairs comprises comparing brain feature-pe-
riphery feature pairs within a predetermined time win-
dow.

Embodiment 75

[0326] The computer-implemented method of embodi-
ment 74, wherein the predetermined time window is
from about 10 ms to about 2 seconds.

Embodiment 76

[0327] The computer-implemented method of any one
of embodiments 70-72, wherein determining the tem-
poral association comprises:

[0328] selecting one or more target brain feature
representations;

[0329] identifying a predetermined target time win-
dow around each of the selected brain feature rep-
resentations; and

[0330] determining the incidence of one or more
target periphery feature representations within each
predetermined time window.

Embodiment 77

[0331] The computer-implemented method of embodi-
ment 76, wherein the predetermined time window is
from about 10 ms to about 2 seconds.

Embodiment 78

[0332] The computer-implemented method of any one
of embodiments 70-77, further comprising:
[0333] receiving, by the system, data from a physi-
ological measurement device confirming the occur-
rence of a physiological event.

Embodiment 79

[0334] The computer-implemented method of embodi-
ment 78, further comprising:
[0335] determining, by the system, an association
between the physiological event and the brain-pe-
riphery temporal association.

Embodiment 80

[0336] The computer-implemented method of embodi-
ment 79, further comprising:

[0337] providing, by the system, a quantification of
the association between the physiological event and
the brain-periphery temporal association.

Embodiment 81

[0338] The computer-implemented method of embodi-
ment 80, further comprising:

[0339] determining, by the system, a modified pre-
determined range for the brain statistical distribution
based on at least one of the quantification of the
brain-periphery temporal association and the quan-
tification of the association between the physiologi-
cal event and the brain-periphery temporal associa-
tion.
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Embodiment 82

[0340] The computer-implemented method of embodi-
ment 81, further comprising:

[0341] determining, by the system, a modified pre-
determined range for the periphery statistical distri-
bution based on at least one of the quantification of
the brain-periphery temporal association and the
quantification of the association between the physi-
ological event and the brain-periphery temporal
association.

Embodiment 83

[0342] The computer-implemented method of embodi-
ment 82, further comprising:

[0343] receiving, by a system of one or more com-
puters, brain data from a brain activity measurement
device that describes brain activity of a mammal
over a first period of time;

[0344] receiving, by the system, periphery data from
a peripheral activity measurement device that
describes peripheral activity of a mammal over a
second period of time;

[0345] identifying, by the system, one or more brain
feature representations within the brain data;

[0346] identifying, by the system, one or more
petiphery feature representations within the periph-
ery data;

[0347] generating, by the system, one or more brain
statistical distributions of the one or more brain feature
representations;

[0348] generating, by the system, one or more periph-
ery statistical distributions of the one or more periph-
ery feature representations;

[0349] identifying, by the system, one or more brain
feature representations that fall outside of the modi-
fied predetermined range in the brain statistical dis-
tribution to generate a set of one or more target brain
feature representations;

[0350] identifying, by the system, one or more
periphery feature representations that fall outside of
the modified predetermined range in the periphery
statistical distribution to generate a set of one or
more target periphery feature representations;

[0351] determining, by the system, a brain-periphery
temporal association between the one or more target
brain feature representations and the one or more
target periphery feature representations; and

[0352] providing, by the system, an indication of the
temporal association.

Embodiment 84

[0353] The computer-implemented method of any one
of embodiments 70-83, wherein the one or more
periphery statistical distribution is independent of
behavioral state.

Embodiment 85

[0354] The computer-implemented method of any one
of embodiments 70-84, further comprising:
[0355] providing, by the system, an estimate of risk
of a future physiological event based on the brain-
periphery temporal association.
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Embodiment 86

[0356] The computer-implemented method of any one
of embodiments 70-84, further comprising:
[0357] providing, by the system, an estimate of risk
of a future physiological event based on the quanti-
fication of the brain-periphery temporal association.

Embodiment 87

[0358] The computer-implemented method of any one
of embodiments 70-86, further comprising:
[0359] providing, by the system, a plot of the mag-
nitude of the brain-periphery temporal association
over the period of time.

Embodiment 88

[0360] The computer-implemented method of any one
of embodiments 70-86, further comprising:
[0361] providing, by the system, a plot of the fre-
quency of the brain-periphery temporal association
over the period of time.

Embodiment 89

[0362] The computer-implemented method of embodi-
ment 87, further comprising:
[0363] providing, by the system, an estimate of risk
of a future physiological event based on a trend in the
magnitude of brain-periphery temporal association.

Embodiment 90

[0364] The computer-implemented method of embodi-
ment 88, further comprising:

[0365] providing, by the system, an estimate of risk
of a future physiological event based on a trend in the
frequency of the brain-periphery temporal associa-
tion.

Embodiment 91

[0366] The computer-implemented method of any one
of embodiments 89 and 90, further comprising:
[0367] providing, by the system, an estimate of the

magnitude of a future physiological event based on
the trend in the brain-periphery temporal association.

Embodiment 92

[0368] The computer-implemented method of any one
of embodiments 70-91, wherein the brain

[0369] activity data is selected from electroencephalog-
raphy (EEG) data and electrocorticography (ECoG)
data.

Embodiment 93

[0370] The computer-implemented method of embodi-
ment 92, wherein the brain activity data is EEG data
and the EEG data is EEG line length data.

Embodiment 94

[0371] The computer-implemented method of any one
of embodiments 70-93, wherein the periphery activity
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data is selected from cardiac data, muscle movement
data, nerve activity data, pupil dilation data, and body
movement data.

Embodiment 95

[0372] The computer-implemented method of embodi-
ment 94, wherein the periphery data is cardiac data and
the cardiac data is selected from electrocardiogram
(ECG) data, blood pressure data, and photoplethys-
mography (PPG) data.

Embodiment 96

[0373] The computer-implemented method of embodi-
ment 95, wherein the periphery data is ECG data and
wherein receiving the periphery data comprises the
method of any one of embodiments 1-31.

Embodiment 97

[0374] The computer-implemented method of embodi-
ment 94, wherein the periphery data is muscle move-
ment data and the muscle movement data is selected
from electromyography (EMG) data, and limb or hand
acceleration data.

Embodiment 98

[0375] The computer-implemented method of embodi-
ment 94, wherein the periphery data is EMG data and
the EMG data is stomach EMG data.

Embodiment 99

[0376] The computer-implemented method of embodi-
ment 94, wherein the periphery data is nerve activity
data and the nerve activity data is selected from nerve
conduction data, and vagal nerve activity data.

Embodiment 100

[0377] The computer-implemented method of embodi-
ment 94, wherein the periphery data is body movement
data and the body movement data is selected from hand
acceleration data, limb acceleration data, and perspira-
tion data.

Embodiment 101

[0378] The computer-implemented method of any one
of embodiments 70-100, wherein the physiological
event is selected from the onset of acquired epilepsy, an
epileptic seizure, sudden unexpected death in epilepsy
(SUDEP), hydrocephalous, sepsis, and onset of cere-
bral palsy.

Embodiment 102

[0379] The computer-implemented method of any one
of embodiments 70-101, wherein the mammal is
human.

Embodiment 103

[0380] The computer-implemented method of any one
of embodiments 70-101, wherein the mammal is
mouse.
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Embodiment 104

[0381] The computer-implemented method of any one
of embodiments 70-101, wherein the mammal is rat.

Embodiment 105

[0382] One or more non-transitory computer-readable
media encoded with instructions that, when executed
by one or more processors of a system, cause the one
or more processors to perform operations comprising:
[0383] receiving, by a system of one or more com-

puters, brain data from a brain activity measurement
device that describes brain activity of a mammal
over a first period of time;

[0384] receiving, by the system, periphery data from
a peripheral activity measurement device that
describes peripheral activity of a mammal over a
second period of time;

[0385] generating, by the system, one or more brain
feature representations based on the brain data;

[0386] generating, by the system, one or more periph-
ery feature representations based on the periphery
data;

[0387] generating, by the system, one or more brain
statistical distributions of the one or more brain
features;

[0388] generating, by the system, one or more periph-
ery statistical distributions of the one or more periph-
ery features;

[0389] identifying, by the system, one or more brain
feature representations that fall outside of a prede-
termined range in the brain statistical distribution to
generate a set of one or more target brain feature
representations;

[0390] identifying, by the system, one or more
periphery feature representations that fall outside of
a predetermined range in the periphery statistical
distribution to generate a set of one or more target
periphery feature representations;

[0391] determining, by the system, a brain-periphery
temporal association between the one or more target
brain feature representations and the one or more
target periphery feature representations; and

[0392] providing, by the system, an indication of the
temporal association.

Embodiment 106

[0393] The computer-readable media of embodiment
1035, further comprising;
[0394] determining, by the system, a quantification of
the brain-periphery temporal association; and
[0395] providing, by the system, an indication of the
quantification of the brain periphery temporal asso-
ciation.

Embodiment 107

[0396] The computer-readable media of any one of
embodiments 105 or 106, further comprising:

[0397] determining a brain-periphery coincidence of
one or more target brain feature representations and
one or more target periphery feature representations;
and
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[0398] providing, by the system, and indication of the
brain-periphery coincidence.

Embodiment 108

[0399] The computer-readable media of any one of
embodiments 105-107, wherein

[0400] determining the temporal association comprises
comparing all brain feature-periphery feature pairs of
one or more target brain feature representations and one
or more target periphery feature representations.

Embodiment 109

[0401] The computer-readable media of embodiment
108, wherein comparing all brain

[0402] feature-periphery feature pairs comprises com-
paring brain feature-periphery feature pairs within a
predetermined time window.

Embodiment 110

[0403] The computer-readable media of embodiment
109, wherein the predetermined time window is from
about 10 ms to about 2 seconds.

Embodiment 111

[0404] The computer-readable media of any one of
embodiments 105-107, wherein determining the tem-
poral association comprises:

[0405] selecting one or more target brain feature
representations;

[0406] identifying a predetermined target time win-
dow around each of the selected brain feature rep-
resentations; and

[0407] determining the incidence of one or more
target periphery feature representations within each
predetermined time window.

Embodiment 112

[0408] The computer-readable media of embodiment
111, wherein the predetermined time window is from
about 10 ms to about 2 seconds.

Embodiment 113

[0409] The computer-readable media of any one of
embodiments 105-112, further comprising:
[0410] receiving, by the system, data from a physi-
ological measurement device confirming the occur-
rence of a physiological event.

Embodiment 114

[0411] The computer-readable media of embodiment
113, further comprising:
[0412] determining, by the system, an association
between the physiological event and the brain-pe-
riphery temporal association.

Embodiment 115

[0413] The computer-readable media of embodiment
114, further comprising:
[0414] providing, by the system, a quantification of
the association between the physiological event and
the brain-periphery temporal association.
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Embodiment 116

[0415] The computer-readable media of embodiment

115, further comprising:

[0416] determining, by the system, a modified pre-
determined range for the brain statistical distribution
based on at least one of the quantification of the
brain-periphery temporal association and the quan-
tification of the association between the physiologi-
cal event and the brain-periphery temporal associa-
tion.

Embodiment 117

[0417] The computer-readable media of embodiment

116, further comprising:

[0418] determining, by the system, a modified pre-
determined range for the periphery statistical distri-
bution based on at least one of the quantification of
the brain-periphery temporal association and the
quantification of the association between the physi-
ological event and the brain-periphery temporal
association.

Embodiment 118

[0419] The computer-readable media of embodiment

117, further comprising:

[0420] receiving, by a system of one or more com-
puters, brain data from a brain activity measurement
device that describes brain activity of a mammal
over a first period of time;

[0421] receiving, by the system, periphery data from
a peripheral activity measurement device that
describes peripheral activity of a mammal over a
second period of time;

[0422] identifying, by the system, one or more brain
feature representations within the brain data;

[0423] identifying, by the system, one or more
periphery feature representations within the periph-
ery data;

[0424] generating, by the system, one or more brain
statistical distributions of the one or more brain
feature representations;

[0425] generating, by the system, one or more periph-
ery statistical distributions of the one or more periph-
ery feature representations;

[0426] identifying, by the system, one or more brain
feature representations that fall outside of the modi-
fied predetermined range in the brain statistical dis-
tribution to generate a set of one or more target brain
feature representations;

[0427] identifying, by the system, one or more
periphery feature representations that fall outside of
the modified predetermined range in the periphery
statistical distribution to generate a set of one or
more target periphery feature representations;

[0428] determining, by the system, a brain-periphery
temporal association between the one or more target
brain feature representations and the one or more
target periphery feature representations; and

[0429] providing, by the system, an indication of the
temporal association.
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Embodiment 119

[0430] The computer-readable media of any one of
embodiments 105-118, wherein the one or more periph-
ery statistical distribution is independent of behavioral
state.

Embodiment 120

[0431] The computer-readable media of any one of
embodiments 105-119, further comprising:
[0432] providing, by the system, an estimate of risk
of a future physiological event based on the brain-
periphery temporal association.

Embodiment 121

[0433] The computer-readable media of any one of
embodiments 105-119, further comprising:
[0434] providing, by the system, an estimate of risk
of a future physiological event based on the quanti-
fication of the brain-periphery temporal association.

Embodiment 122

[0435] The computer-readable media of any one of
embodiments 105-121, further comprising:
[0436] providing, by the system, a plot of the mag-
nitude of the brain-periphery temporal association
over the period of time.

Embodiment 123

[0437] The computer-readable media of any one of
embodiments 105-121, further comprising:
[0438] providing, by the system, a plot of the fre-
quency of the brain-periphery temporal association
over the period of time.

Embodiment 124

[0439] The computer-readable media of embodiment
122, further comprising;
[0440] providing, by the system, an estimate of risk
of a future physiological event based on a trend in the
magnitude of brain-periphery temporal association.

Embodiment 125

[0441] The computer-readable media of embodiment

123, further comprising:

[0442] providing, by the system, an estimate of risk
of a future physiological event based on a trend in the
frequency of the brain-periphery temporal associa-
tion.

Embodiment 126

[0443] The computer-readable media of any one of
embodiments 124 and 125, further comprising:

[0444] providing, by the system, an estimate of the

magnitude of a future physiological event based on

the trend in the brain-periphery temporal association.

Embodiment 127

[0445] The computer-readable media of any one of
embodiments 105-127, wherein the brain activity data
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is selected from electroencephalography (EEG) data
and electrocorticography (ECoG) data.

Embodiment 128

[0446] The computer-readable media of embodiment
127, wherein the brain activity data is EEG data and the
EEG data is EEG line length (EEG;;) data.

Embodiment 129

[0447] The computer-readable media of any one of
embodiments 105-128, wherein the periphery activity
data is selected from cardiac data, muscle movement
data, nerve activity data, pupil dilation data, and body
movement data.

Embodiment 130

[0448] The computer-readable media of embodiment
129, wherein the periphery data is cardiac data and the
cardiac data is selected from electrocardiogram (ECG)
data, blood pressure data, and photoplethysmography
(PPG) data.

Embodiment 131

[0449] The computer-readable media of embodiment
130, wherein the periphery data is ECG data and
wherein receiving the periphery data comprises the
method of any one of embodiments 1-31.

Embodiment 132

[0450] The computer-readable media of embodiment
129, wherein the periphery data is muscle movement
data and the muscle movement data is selected from
electromyography (EMG) data and limb or hand accel-
eration data.

Embodiment 133

[0451] The computer-readable media of embodiment
129, wherein the periphery data is EMG data and the
EMG data is stomach EMG data.

Embodiment 134

[0452] The computer-readable media of embodiment
129, wherein the periphery data is nerve activity data
and the nerve activity data is selected from nerve
conduction data, and vagal nerve activity data.

Embodiment 135

[0453] The computer-readable media of embodiment
129, wherein the periphery data is body movement data
and the body movement data is selected from hand
acceleration data and limb acceleration data.

Embodiment 136

[0454] The computer-readable media of any one of
embodiments 105-135, wherein the physiological event
is selected from the onset of acquired epilepsy, an
epileptic seizure, sudden unexpected death in epilepsy
(SUDEP), hydrocephalous, sepsis, and onset of cere-
bral palsy.
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Embodiment 137

[0455] The computer-readable media of any one of
embodiments 105-136, wherein the mammal is human.

Embodiment 138

[0456] The computer-readable media of any one of
embodiments 105-136, wherein the mammal is mouse.

Embodiment 139

[0457] The computer-readable media of any one of
embodiments 105-136, wherein the mammal is rat.

Embodiment 140

[0458] A computing system, comprising:
[0459] one or more processors; and
[0460] one or more computer-readable media
encoded with instructions that, when executed by the
one or more processors, cause the one or more
processors to perform the method of any one of
embodiments 70-104.

Embodiment 141

[0461] A system comprising:
[0462] adevice for recording brain activity data from
a mammal;
[0463] adevice for recording peripheral activity from
a mammal; and
[0464] acomputing system according to embodiment
140.

Embodiment 142

[0465] A method for estimating the risk of occurrence
of a physiological event in a mammal prior to the
occurrence of the physiological event, comprising:
[0466] obtaining brain activity data that describes

brain activity of the mammal over a first period of
time;

[0467] obtaining peripheral activity data that
describes peripheral activity of the mammal over a
second period of time;

[0468] receiving, by a system of one or more com-
puters, brain data from a brain activity measurement
device that describes brain activity of a mammal
over the first period of time;

[0469] receiving, by the system, periphery data from
a peripheral activity measurement device that
describes peripheral activity of a mammal over the
second period of time;

[0470] generating, by the system, one or more brain
feature representations based on the brain data;

[0471] generating, by the system, one or more periph-
ery feature representations based on the periphery
data;

[0472] generating, by the system, one or more brain
statistical distributions of the one or more brain
feature representations;

[0473] generating, by the system, one or more periph-
ery statistical distributions of the one or more periph-
ery feature representations;

[0474] identifying, by the system, one or more brain
feature representations that fall outside of a prede-
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termined range in the brain statistical distribution to
generate a set of one or more target brain feature
representations;

[0475] identifying, by the system, one or more
periphery feature representations that fall outside of
a predetermined range in the periphery statistical
distribution to generate a set of one or more target
periphery feature representations;

[0476] determining, by the system, a brain-periphery
temporal association between the one or more target
brain feature representations and the one or more
target periphery feature representations;

[0477] determining, by the system, an estimate of risk
of a future physiological event based on the brain-
periphery temporal association; and

[0478] providing, by the system, an indication of the
estimate of risk of the future physiological event.

Embodiment 143

[0479] The method of embodiment 142, further com-
prising determining, by the system, a quantification of
the brain-periphery temporal association; wherein pro-
viding the estimate of risk of a future physiological
event is based on the quantification of the brain-
periphery temporal association.

Embodiment 144

[0480] The method of embodiment 142, further com-
prising:

[0481] determining, by the system, an estimate of the
timing of a future physiological event based on the
brain-periphery temporal association; and

[0482] providing an indication of the estimate of the
timing of the future physiological event.

Embodiment 145

[0483] The method of embodiment 143, further com-
prising:

[0484] determining, by the system, an estimate of the
timing of a future physiological event based on the
quantification of the brain-periphery temporal asso-
ciation; and

[0485] providing an indication of the estimate of the
timing of the future physiological event.

Embodiment 146

[0486] The method of any one of embodiments 142-
145, wherein the periphery statistical distribution is
independent of behavioral state.

Embodiment 147

[0487] The method of any one of embodiments 142-
146, wherein the brain activity data is electroencepha-
lography (EEG) data.

Embodiment 148

[0488] The method of embodiment 147, wherein the
brain activity data is
[0489] EEG data and the EEG data is EEG line length
data.
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Embodiment 149

[0490] The method of any one of embodiments 142-
148, wherein the periphery activity data is selected
from cardiac data, muscle movement data, nerve activ-
ity data, pupil dilation data, and body movement data.

Embodiment 150

[0491] The method of embodiment 149, wherein the
periphery data is cardiac data and the cardiac data is
selected from electrocardiogram (ECG) data, blood
pressure data, and photoplethysmography (PPG) data.

Embodiment 151

[0492] The method of embodiment 150, wherein the
periphery data is ECG data and wherein receiving the
periphery data comprises the method of any one of
embodiments 1-31.

Embodiment 152

[0493] The method of embodiment 149, wherein the
periphery data is muscle movement data and the muscle
movement data is selected from electromyography
(EMG) data and limb or hand acceleration data.

Embodiment 153

[0494] The method of embodiment 149, wherein the
periphery data is EMG

[0495] data and the EMG data is stomach EMG data.

Embodiment 154

[0496] The method of embodiment 149, wherein the
periphery data is nerve

[0497] activity data and the nerve activity data is
selected from nerve conduction data, and vagal nerve
activity data.

Embodiment 155

[0498] The method of embodiment 149, wherein the
periphery data is body
[0499] movement data and the body movement data
1s selected from hand acceleration data, limb accel-
eration data, and perspiration data.

Embodiment 156

[0500] The method of any one of embodiments 142-
155, wherein the physiological event is selected from
the onset of acquired epilepsy, an epileptic seizure,
sudden unexpected death in epilepsy (SUDEP), hydro-
cephalous, sepsis, and onset of cerebral palsy.

Embodiment 157

[0501] The method of embodiment 148, wherein:
[0502] the periphery data is ECG data;
[0503] receiving the periphery data comprises the
method of any one of embodiments 1-31; and

[0504] the physiological event is selected from the
onset of acquired epilepsy, an epileptic seizure, and
sudden unexpected death in epilepsy (SUDEP).
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Embodiment 158

[0505] The method of any one of embodiments 142-
157, wherein the mammal is human.

Embodiment 159

[0506] The method of any one of embodiments 142-
157, wherein the mammal is mouse.

Embodiment 160

[0507] The method of any one of embodiments 142-
157, wherein the mammal is rat.

Embodiment 161

[0508] The method of any one of embodiments 142-
160, wherein the peripheral activity data was obtained
from a peripheral activity measurement device that is
integrated with or communicatively coupled to a smart-
phone, a tablet computer, a watch body, a watch band,
or a wearable patch.

Embodiment 162

[0509] The method of any one of embodiments 142-
161, further comprising displaying, on a display device,
an output indicative of the estimate of risk of the
physiological event.

Embodiment 163

[0510] The method of any one of embodiments 144-
145, further comprising displaying, on a display device,
an output indicative of the estimate of risk of the
physiological event.

Embodiment 164

[0511] A seizure advisory system comprising:

[0512] one or more electrodes for recording electro-
encephalographic (EEG) signals from a mammal;
[0513] one or more devices for recording cardiac data

from a mammal; and
[0514] a computing system comprising;
[0515] one or more processors; and
[0516] one or more computer-readable media
encoded with instructions that, when executed by
the one or more processors, cause the one or more
processors to perform operations comprising:

[0517] receiving, by the system, EEG data from
the mammal over a first period of time;

[0518] receiving, by the system, cardiac data
from the mammal over a second period of time;

[0519] generating, by the system, one or more
EEG feature representations based on the EEG
data;

[0520] generating, by the system, one or more
cardiac feature representations based on the
cardiac data;

[0521] generating, by the system, one or more
EEG statistical distributions of the one or more
EEG feature representations;

[0522] generating, by the system, one or more
cardiac statistical distributions of the one or
more cardiac feature representations according
to the method of any one of embodiments 1-31;
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[0523] identifying, by the system, one or more
EEG feature representations that fall outside of
a predetermined range in the EEG statistical
distribution to generate a set of one or more
target EEG feature representations;

[0524] identifying, by the system, one or more
cardiac feature representations that fall outside
of a predetermined range in the cardiac statis-
tical distribution to generate a set of one or
more target cardiac feature representations;

[0525] determining, by the system, a brain-car-
diac temporal association between the one or
more EEG feature representations and the one
or more cardiac feature representations;

[0526] determining, by the system, an estimate
of risk of a future seizure based on the brain-
cardiac temporal association; and

[0527] providing, by the system, an automatic
warning based on the estimated risk of a future
seizure.

Embodiment 165

[0528] The system of embodiment 164, wherein the one
or more computer-readable
[0529] media cause the one or more processors to
perform operations further comprising:

[0530] determining, by the system, a quantification
of the brain-periphery temporal association,
wherein providing the estimate of risk of a future
physiological event is based on the quantification
of the brain-periphery temporal association.

Embodiment 166

[0531] The system of embodiment 164, wherein the one
or more computer-readable media cause the one or
more processors to perform operations further compris-
ing:

[0532] determining, by the system, an estimate of the
timing of a future physiological event based on the
brain-periphery temporal association; and

[0533] providing an automatic warning indicating the
estimate of the timing of the future physiological
event.

Embodiment 167

[0534] The system of embodiment 165, wherein the one
or more computer-readable media cause the one or
more processors to perform operations further compris-
ing:

[0535] determining, by the system, an estimate of the
timing of a future physiological event based on the
quantification of the brain-periphery temporal asso-
ciation; and

[0536] providing an automatic warning indicating the
estimate of the timing of the future physiological
event.

Embodiment 168

[0537] The system of any one of embodiments 164-167,
wherein the one or more cardiac

[0538] statistical distributions are independent of
behavioral state.
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Embodiment 169

[0539] The system of any one of embodiments 164-168,
wherein the one or more devices for recording cardiac
data comprise one or more electrodes for recording
electrocardiographic (ECG) signals from a mammal,
one or more blood pressure sensors, one or more optical
sensors for recording photoplethysmography (PPG)
data from a mammal.

Embodiment 170

[0540] The system of any one of embodiments 164-169,
wherein the EEG data is EEG
[0541] line length data.

Embodiment 171

[0542] The system of any one of embodiments 164-170,
wherein at least one of the EEG
[0543] data and the cardiac data is obtained from one
or more physiologic sensors that are integrated with
or communicatively coupled to a smartphone, a
tablet computer, a watch body, a watch band, or a
wearable patch.

Embodiment 172

[0544] A method of preventing a physiological event,
comprising:

[0545] estimating the risk of occurrence of a physi-
ological event in a mammal according to the method
of any one of embodiments 142-163; and

[0546] applying at least one intervention measure
that is commensurate with the prevention of the
physiological event.

Embodiment 173

[0547] The method of embodiment 172, wherein esti-
mating the risk and applying the intervention measure
are performed automatically.

Embodiment 174

[0548] The method of any one of embodiments 172-
173, wherein the physiological event is the onset of
acquired epilepsy and the at least on intervention
measure is an anti-epileptogenesis therapy.

Embodiment 175

[0549] The method of any one of embodiments 172-
173, wherein the physiological event is an epileptic
seizure and the at least on intervention measure is an
anti-epileptic drug (AED).

Embodiment 176

[0550] A method of evaluating the effectiveness of an
intervention measure, comprising:

[0551] estimating the risk of occurrence of a physi-
ological event in a mammal according to the method
of any one of embodiments 142-163;

[0552] applying at least one intervention measure
that is commensurate with the prevention of the
physiological event; and

[0553] determining the effectiveness of the interven-
tion measure.
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Embodiment 177

[0554] The method of embodiment 176, wherein esti-
mating the risk and apply the intervention measure are
performed automatically.

Embodiment 178

[0555] The method of any one of embodiments 176-
177, wherein the physiological event is the onset of
acquired epilepsy and the at least on intervention
measure is an anti-epileptogenesis therapy.

Embodiment 179

[0556] The method of any one of embodiments 176-
177, wherein the physiological event is an epileptic
seizure and the at least on intervention measure is an
anti-epileptic drug (AED).

Embodiment 180

[0557] A method for detecting a brain-periphery coin-
cidence in a mammal, comprising;

[0558] obtaining brain activity data that describes
brain activity of the mammal over a period of time;

[0559] obtaining peripheral activity data that
describes peripheral activity of the mammal over a
period of time;

[0560] processing the peripheral activity data to gen-
erate independent peripheral activity data that is
independent of behavioral state; and

[0561] wusing a machine-learning model to detect
presence of a brain-periphery coincidence in the
mammal based on the brain activity data and the
peripheral activity data.

Embodiment 181

[0562] The system of embodiment 64, wherein the one
or more sensors are selected from
[0563] sensors that records electrocardiogram (ECG)
data, blood pressure data, and photoplethysmogra-
phy (PPG) data.

Embodiment 182

[0564] The computer-implemented method of embodi-
ment 21, wherein processing the one or more intervals
comprises determining dInRR at any time, T, using first
window length 7, and second window length <,,
according to the equation:

def 1 mTI(T+ %)_WH (T_ T_zl)

dInRR(T)

R RRI(T)
wherein
RRI, (T) = — 1
T Npgy (T)
RRI.,(T) ©
2T Nggoy (1)

N (T) E fractional number of intervalse [T -7;/2, T+ 7; /2],
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[0565] and
[0566] wherein the fractional number of intervals
include partial intervals that remain inside the first or
second time windows.

Embodiment 183

[0567] The computer-implemented method of embodi-
ment 182, wherein T, is greater than or equal to 100 ms.

Embodiment 184

[0568] The computer-implemented method of embodi-
ment 182, wherein T, is greater than or equal to 1
second.

Embodiment 185

[0569] The computer-implemented method of embodi-
ment 182, wherein T, is about 0.5 seconds and T, is
about 1 second.

Embodiment 186

[0570] The computer-implemented method of embodi-
ment 182, wherein T, is from about 10 to about 20
seconds and T, is about 30 seconds.

Embodiment 187

[0571] The computer-readable media of embodiment
52, wherein processing the one or more intervals com-
prises determining dInRR at any time, T, using first
window length 7; and second window length T,,
according to the equation:

def 1 mTI(T+ %)_Rﬂrl (T_ T_zl)

dInRR(T)

R RRI(T)
wherein
RRI, (T) = —
T N (T)
RRI,(T)= — 2
2507 Nggry (D)

N, (T) o fractional number of intervalse [T —7;/2, T+ 7;/2],

[0572] and
[0573] wherein the fractional number of intervals
include partial intervals that remain inside the first or
second time windows.

Embodiment 188

[0574] The computer-readable media of embodiment
187, wherein T, is greater than or equal to 100 ms.

Embodiment 189

[0575] The computer-readable media of embodiment
187, wherein T, is greater than or equal to 1 second.

Embodiment 190

[0576] The computer-readable media of embodiment
187, wherein T, is about 0.5 seconds and T, is about 1
second.
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Embodiment 191

[0577] The computer-readable media of embodiment
187, wherein T, is from about 10 to about 20 seconds
and T, is about 30 seconds.

Embodiment 192

[0578] A computer-implemented method, comprising:

[0579] receiving, by a system of one or more com-
puters, brain data from a brain activity measurement
device that describes brain activity of a mammal
over a first period of time;

[0580] receiving, by the system, periphery data from
a peripheral activity measurement device that
describes peripheral activity of a mammal over a
second period of time;

[0581] generating, by the system, one or more brain
feature representations based on the brain data;

[0582] generating, by the system, one or more periph-
ery feature representations based on the periphery
data;

[0583] generating, by the system, one or more brain
statistical distributions of the one or more brain
features;

[0584] generating, by the system, one or more periph-

ery statistical distributions of the one or more periph-
ery feature representations;

[0585] identifying, by the system, one or more brain
feature representations that fall outside of a prede-
termined range in the brain statistical distribution to
generate a set of one or more target brain feature
representations;

[0586] identifying, by the system, one or more
periphery feature representations that fall outside of
a predetermined range in the periphery statistical
distribution to generate a set of one or more target
periphery feature representations;

[0587] identifying, by the system, a probability of the
one or more target periphery feature representations
within a defined time window of one or more of the
target brain feature representations to generate an
estimated cumulative probability distribution;

[0588] determining, by the system a brain-periphery
temporal association between the one or more target
brain feature representations and the one or more
target periphery feature representations based on the
estimated cumulative probability distribution; and

[0589] providing, by the system, an indication of the
temporal association.

Embodiment 193

[0590] A computer-implemented method, comprising:

[0591] receiving, by a system of one or more com-
puters, brain data from a brain activity measurement
device that describes brain activity of a mammal
over a first period of time;

[0592] receiving, by the system, periphery data from
a peripheral activity measurement device that
describes peripheral activity of a mammal over a
second period of time;

[0593] generating, by the system, one or more brain
feature representations based on the brain data;

Oct. 31,2019

[0594] generating, by the system, one or more periph-
ery feature representations based on the periphery
data;

[0595] generating, by the system, one or more brain
statistical distributions of the one or more brain
features;

[0596] generating, by the system, one or more periph-
ery statistical distributions of the one or more periph-
ery feature representations;

[0597] identifying, by the system, one or more brain
feature representations that fall outside of a prede-
termined range in the brain statistical distribution to
generate a set of one or more target brain feature
representations;

[0598] identifying, by the system, one or more
periphery feature representations that fall outside of
a predetermined range in the periphery statistical
distribution to generate a set of one or more target
periphery feature representations;

[0599] identifying, by the system, a probability of the
one or more target brain feature representations
within a defined time window of one or more of the
target periphery feature representations to generate
an estimated cumulative probability distribution;

[0600] determining, by the system a brain-periphery
temporal association between the one or more target
brain feature representations and the one or more
target periphery feature representations based on the
estimated cumulative probability distribution; and

[0601] providing, by the system, an indication of the
temporal association.

EXAMPLES

Exemplary Embodiment: Epileptogenesis
Biomarker

[0602] There is critical need for diagnostic biomarkers of
epileptogenesis to facilitate identification of patients at high-
risk of developing epilepsy and to introduce effective anti-
epileptogenic interventions.

[0603] In a post-infection model of acquired epilepsy, it
was demonstrated that delayed brain-heart coincidences
serve as a biomarker of epileptogenesis. In a murine model
of post-cerebral malaria epilepsy mice were infected by
malarial parasites, rescued, implanted, and monitored for
development of recurrent spontaneous seizures. As with the
human conditions of post-infection acquired epilepsy the
model exhibits long and variable epileptogenesis periods.
Long-term simultaneous measurements of the central activ-
ity via electroencephalography (EEG) and autonomic car-
diac activity via electrocardiography (ECG) were utilized to
quantitatively track brain-heart interactions during epilepto-
genesis. A state of vigilance independent representation of
cardiac activity was developed to quantify fluctuations in the
heart beat-to-beat intervals. Statistical tests of dependence
between brain and cardiac representations were then used to
identify abnormal transmission of activity from brain to
heart. It was found that abnormal cortical discharges precede
abnormal fluctuations in the cardiac rhythm at the resolution
of single beat-to-beat intervals. The delayed brain-heart
coincidence is significantly detected only in animals that
become epileptic, is detectable as early as the onset of
chronic measurements—2 to 14 weeks prior to first sei-
zure—and increases during epileptogenesis. These findings
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indicate that delayed brain-heart coincidence serves as a
biomarker of epileptogenesis and can be used for phenotyp-
ing, diagnostic, and therapeutic purposes.

[0604] For the wide range of human acquired epilepsies—
developed after brain insults such as traumatic brain injuries,
stroke, and infections—no biomarker that readily predicts
and tracks epileptogenesis®® currently exists.'”*°*° Such
diagnostic biomarkers are critical to identify patients at risk
of epilepsy, introduce early and effective interventions to
prevent establishment of epilepsy, and evaluate therapeutic
efficacy of such treatments.

[0605] A murine model of post-cerebral malaria epilepsy
was developed that duplicates elements of the human post-
infection acquired epilepsy. As with the human condition,
the model presented with long and highly variable epilep-
togenesis periods.”® The brain-heart interactions were inves-
tigated as potential biomarkers of epileptogenesis. It was
hypothesized that the frequency and strength of signals from
brain affecting heart would vary with progression of epile-
pogenesis and therefore, if detected and quantified, could
potentially serve as a biomarker of the process.

[0606] Almost all previous efforts to identify biomarkers
of epileptogenesis have been focused on brain indicators
such as high frequency oscillations'*'®, and most recently
permeability of blood brain barrier (BBB) in post-injury
epilepsy.* > % ! Despite the many benefits of brain-related
biomarkers of epileptogenesis, the need for invasive or
otherwise costly measurements to identify them severely
limits their applicability.

[0607] Cardiac fluctuations are one of the more accessible
symptoms of epilepsy.' 12 17> % 3% 40 Tt hag been shown in
acute animal models of induced seizures that epileptic
cortical discharges cause synchronized cardiac sympathetic
and vagal nerve discharges.*® The synchronicity is known as
the Lockstep phenomenon (LSP).

[0608]
discharges has been utilized for seizure prediction
a1, 47 and identification of epileptogenesis.*” However, these
efforts have had limited success partly due to the depen-
dency of the conventional measures of cardiac rhythm—
such as mean heart rate and heart rate variability param-
eters—on state of vigilance (SOV).> 7 27 ! In order to
accommodate for SOV, cardiac related analyses are often
restricted to periods of relatively stationary behavior such as
observed?!: 2 37- 43 or imposed rest. % 2% 2! Therefore,
these analyses are fragmented and incapable of continuous
long-term tracking of brain-heart dynamics during epilep-
togenesis.

[0609] In order to address the challenges associated with
conventional metrics of cardiac rhythmicity a new repre-
sentation of the activity was generated and employed; the
statistics of the representation are independent of behavior
and state of vigilance. It was shown that in epileptic com-
pared to non-epileptic animals, potentially abnormal cortical
discharges precede disturbances in cardiac rhythm. The
causal transmission of abnormal activity along the brain-
heart axis starts early and progresses during epileptogenesis.
These findings can be utilized to identify potential patients
at risk of developing epilepsy, track the progression of
epileptogenesis, and predict the occurrence of seizures.

The sensitivity of cardiac rhythmicity to epileptic

16, 22, 23,
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Material and Methods

Experimental Design

[0610] All animal work was approved by and performed
under administration of the Institutional Animal Care and
Use Committee at the Pennsylvania State University.
[0611] Mice were infected with malarial parasite and
monitored for signs of cerebral malaria. Infected mice were
treated once they showed clear signs of cerebral malaria.
Treated mice were allowed sufficient recovery period and
then along with controls were implanted with electrodes. All
implanted animals were monitored continuously for devel-
opment of epilepsy and brain-heart interactions.

[0612] Infection and Treatment: Donor animals were
infected from frozen stocks of Plasmodium berghei ANKA
(PbANKA) or Plasmodium berghei NK65 (Pb-NK65) para-
site, and blood was drawn on day 7 for inoculation into
homologous experimental animals. Swiss Webster (SW),
C57BL/6 (Charles Rivers Laboratory) and CBA/CaJ (CBA,
Jackson Laboratory) male mice were infected by intraperi-
toneal injection of infected red blood cells from the donor
animal. Age-matched control mice were inoculated with
un-infected red blood cells from un-infected donor animals.
The animals were treated by anti-malarial medication, Arte-
sunate (64 mg/kg dosage), for seven days starting from day
5 (C57BL/6-PbANKA or CBA-PbANKA), day 6 (SW-
PbANKA) and day 7 (SW-PbNK65) post-infection®®,
[0613] Surgical Procedure and Care: Animals were
implanted with electrodes to monitor brain activity at least
five days post-treatment. Mice were anesthetized by inha-
lation of isoflourane throughout the surgery. After applica-
tion of a long-lasting analgesic (Ketoprofen), Bupivicane (5
mg/ml at a dose of 50 pl/100 g body weight), a local
anesthetic, was injected subcutaneously in the scalp.
[0614] Four stainless steel screws (#000 self-tapping,
Morris Co.) were placed over frontal (AP +1.5, ML#2.5
mm) and S1 (AP -2.3, ML+3.5 mm) cortices for measure-
ment of electrocorticogram (ECoG). For the measurement of
hippocampal field potentials 2 custom-made 50 um (diam-
eter) ultralow impedance micro-reaction chamber (LRC)
electrodes® were implanted in dorsal hippocampus (AP
-2.3, ML£2.0, DV -1.5 mm). A 3 mm length of 50 m
gold-plated 316L stainless steel wire was used to measure
neck muscle activity (EMG). 3 mm length of the wire was
prepared by dissolving the polyimide insulation in heated
nano-strip solution (KMG Inc.). It was then electroplated
with gold to avoid corrosion of active stainless steel in
electrolytic environment of tissue. The EMG electrode was
placed into a bluntly dissected opening within the nuchal
muscles and further secured with polyglycolic acid absorb-
able sutures through the subcutaneous tissue. To measure
cardiac activity we fabricated ECG leads from 50 pm
gold-plated 316L stainless steel wire. The exposed end of the
wire was formed into a ~2 mm diameter coil which was then
electroplated with gold to avoid exposure of stainless steel
through possible cracks in the original gold-coated layer.
The structure was then supported by a thin layer of biocom-
patible polymer (Slygard 184). A small incision was made in
the chest and the electrode was placed in a bluntly dissected
pocket-sized hole in precordium. The leads were subcuta-
neously routed from the chest to the head and connected to
the head-mount. Two stainless steel screw electrodes at (AP
-3.8, ML#3.5 mm) served as reference and ground. All
coordinates were Bregma referenced.
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[0615] At the completion of the surgery, animals were
returned to their individual home-cages for recovery. Ani-
mals were housed individually in custom-made plexiglass
cages each containing two enclosures with dimensions
6"Wx12"Dx12"H. Mice were allowed to recover and moni-
tored for a minimum of 7 days post-surgery and had free
access to food and water. After the recovery period,
implanted mice were cabled to the acquisition board which
hangs down through a 1.5 inch hole in the ceiling of each
enclosure. The board is connected to a custom-made com-
mutator to allow for postural flexibility and free movement
of the animals.

[0616] Data Collection: Animals were maintained under a
12 hour light/dark cycle with lights on between 6 am and 6
pm. During the dark period infrared LED arrays were used
to illuminate the cage for continuous 24 hour video moni-
toring. Synchronized video (at 3 frames per second) and
bio-potential recordings were recorded as 1 hour long files
and stored on hard drives for further analysis. Bio-potential
measurements were recorded via a custom-built acquisition
board designed to provide 8 channels of high quality record-
ings with 24 bit digitization.”® Internally amplified, digi-
tized, and wide-band signals were sampled at 1000 samples/
second sampling rate per channel and transmitted through a
USB port to the computer.

[0617] Data Analysis: At least one week of data were
analyzed for each animal. Longer datasets up to when the
animals developed their first seizure, lost the ECG lead, or
were sacrificed were used when available. Our inclusion
criteria for each hour of data involved availability of viable
ECG and at least one clean hippocampal depth and ECoG
recordings. All recorded data were inspected via in-house
written Labview (National Instruments) and MATLAB
(MathWorks Inc.) programs that allow for simultaneous
re-referencing, filtering, spectral analysis and annotation.
[0618] Cortical discharges were detected by a custom
script implemented in MATLAB (Mathworks, Inc.). The
raw EEG data were first bandpass filtered using 15-250 Hz
pass band to preserve the high frequency nature of the
discharges while eliminating the low frequency artifacts.
Line length of the EEG signal was then computed using a
sliding window of length ~300 ms. Line Length (LL) is
essentially a discrete estimate of a continuous time-series
and is calculated as the sum of distances between successive
points in a window'?:

LLO=S,, " x(k=1)=x()]

where x(k) is the kth point in the time-series within the
window, N is the length of the sliding window and LL(n) is
the normalized line length value at any given time point n.
[0619] The cortical discharges do not share a unique
pattern and vary in amplitude and duration throughout
epileptogenesis. The window length was selected to be able
to capture the variety of epileptic discharges including sharp
waves, spikes and spike and wave complexes.*> Examples of
events that lay in the 1% upper tail of the line length
distribution are illustrated in FIG. 16.

[0620] State of vigilance (SOV) was scored using a semi-
automatic approach via Linear Discriminant Analysis
(LDA) similar to the algorithm described in Sunderam et al.
2007).>° Briefly, a training set for each animal was generated
by visual SOV-scoring of 4-6 hours of video-EEG data
within a day. The remaining 18-20 hours of data were set
aside as out-of-sample test data. We marked onset of tran-
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sitions between different states of vigilance: Rapid Eye
Movement (REM), Non-Rapid Eye Movement (NREM),
and Wake. Spectral power of the EEG across frequency
bands of 0.5-4 Hz, 4-8 Hz, 8-12 Hz, 12-25 Hz, and 25-80 Hz
as well as EMG total power were calculated as features for
the automatic SOV classification of the test dataset.

[0621] The performance of the classifier for the out-of-
sample test data and utilized the classified SOV as the new
training set to recursively update the parameters of the LDA
was further verified. For almost all animals under analysis
the overall automated accuracy exceeded 90%.

[0622] Heart Rate Characterization:

[0623] The QRS complex was detected via a custom
written MATLAB script (Mathworks, Inc.). The ECG is
bandpass filtered from 30 Hz to 250 Hz to remove the low
(DC drift) and high frequency artifacts. Line length was used
to highlight the QRS complexes from the background ECG
activity. The window size was selected to be 50 ms long to
accommodate the ~40 ms long QRS complexes. The line
length calculation is designed such that it introduces no
phase shifis to the analysis and therefore preserves the QRS
complex at the same time as it occurs in the original signal.
In order to detect the QRS complex, specifically the R wave,
the standard deviation of the line length time-series is
estimated in non-overlapping 2-second long windows. The
QRS complex is then detected via threshold crossing of 2-3
times the standard deviation from the mean.

[0624] The algorithm accounts for motion artifacts and
DC glitches that inevitably escape filtering. The unfiltered
ECG is convolved with a step function to highlight such
glitches and their time-point. Any QRS complex detected
within 20 ms of those glitches is then marked as a false
detection and is excluded from analysis. We removed hour-
long blocks of data with more than 2 glitches from the
analysis. If the glitch-detection procedure fails, for each step
function one QRS complex and 2 RR intervals are falsely
excluded. Therefore for the hour-long blocks that are
included in the analysis, the maximum allowed estimated
false detection rate is 4 RR intervals in 18000 which is
negligible. The point-by-point RR interval and heart rate are
then calculated from the time-series of the detected beats.

[0625] The cardiac representation dInRR was calculated at
any time, T, over window-lengths of 2t long:

) RRIT + 5) - RRI(T - )

anRpr, g2 — 20 2
p— —
RRI(T + 5)+ RRI(T - 5)
Where
J— T
FI(T) = ——
Nrr(T)

Npp(T) = fractional number of intervalse [T-7/2, T+ 7/2],

where fractional number of intervals include partial intervals
that remain inside the window. Therefore the discretization
effects are minimized.

[0626] In the limit as T—0, if the derivative of RR-time
series was defined, this representation becomes the deriva-
tive of the logarithm of the RR interval:
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dInRR is a local measure that is proportional to the normal-
ized RR interval in the window length over which it is
calculated. Therefore the window length T directly affects
dlnRR’s capability to efficiently track and represent the
underlying RRI time-series. If T is too small, then dInRR is
dominated by normal fluctuations between consecutive RR
intervals induced by motion or cardio-respiratory coupling.
If 7 is too large, then the numerator becomes insensitive to
single RR1I fluctuations, while the denominator is too long to
follow state-dependent changes in the RR interval time-
series (FIG. 17). However in FIG. 9C-D it is shown that
choice of T does not affect the behavior-related differences in
distributions of both dlnRR and RMSSD.

[0627] Statistical Analysis:

[0628] Distributions of EEG;; and dInRR are not Gauss-
ian, therefore we used non-parametric rank-order statistics.
In order to find the correlation between brain and heart, both
EEG;; and dInRR distributions were casted into the rank
space. For the brain- or cardiac-triggered analysis we
selected the EEG;; or dInRR ranks above 99% and found
their corresponding rank(dlnRR) or rank(EEG;,) values.
The analysis for identification of brain-heart coincidences
was based on statistical tests of dependence of the EEG;,
and dInRR rank distributions with the null hypothesis of
random rank selection. The ranks were computed over either
one hour or one day long blocks of data approximating
nearly uniform selection of ranks. Because our samples
sizes, N, are very large (N>>100), the normalized rank-sum
distribution are well approximated as Gaussian with means
of 0.5 and standard deviation of

1
12V

All rank-ordered statistics are then presented either in abso-
lute units (FIGS. 10-12 and FIGS. 18-19) or as means and
standard deviations of the rank-sum distributions (FIGS.
13-14 and FIG. 20). Expected false detection rates from null
hypotheses with P<0.005 are identified.

Results

[0629] A combination of mouse and parasite strains were
examined for development of post-cerebral malaria epi-
lepsy>®: Swiss-Webster (SW), C57BL/6, and CBA/Cal mice
and Plasmodium berghei ANKA (PbANKA) and Plasmo-
dium berghei NK65 (PbNKG65) parasites. Young mice (P23)
received intraperitoneal injection of infected red blood cells
from a donor animal. The infected animals were treated by
antimalarial medication once they showed signs of severe
cerebral malaria such as convulsions and coma. Mice were
then implanted with hippocampal, cortical and electromyo-
graphy (EMG) electrodes at least five days post-treatment. A
cohort of the animals also received electrocardiography

Oct. 31,2019

(ECG) electrodes to monitor cardiac activity. Continuous
recording started after ample recovery time and lasted for
periods of at least 2 weeks until the animals expired.
[0630] From the animals that survived to recordings, 75%
developed epilepsy as defined by observation of 2 or more
seizures with durations longer than 10 s and clear behavioral
manifestations as shown in FIG. 15 (see Ssentongo et al.
2017 for more detailed description of the model statistics).
The epileptic animals all had relatively long latencies to the
first seizure with median of 5 to 10 weeks post-infection
(Supplementary Table 1). Further, it was observed incidents
of sudden unexplained death in epilepsy (SUDEP) and other
seizure-related mortalities such as gradual decline of physi-
ological signs—heart rate and behavior—after multiple sei-
zures in 10% of the epileptic cohort.

[0631] To investigate the brain-heart coupling during epi-
leptogenesis, 9 epileptic mice that had viable ECG elec-
trodes at least until their first seizure were selected for
further analysis. This subset is representative of the original
epileptic cohort both in terms of seizure rate and distribution
as well as latency to first convulsive seizure (FIG. 7, FIG.
15). Cardiac activity was monitored during epileptogenesis
which ranged from minimum of 39 days to a maximum of
115 days post-infection (FIG. 7). In addition to the 9
epileptic mice, 4 animals that were rescued from cerebral
malaria but did not become epileptic (termed non-epileptic
mice), and 4 control mice (treated but not infected) were
investigated. Animals were excluded from analysis when
they developed spontaneous recurrent seizures or their ECG
lead became unviable.

Substantially Long RR Intervals are Preceded by Epileptic
Discharges

[0632] Cardiac arrhythmia manifested in visually distin-
guishable, substantially long RR interval in the period
between implant and the occurrence of the first convulsive
seizure. RR interval (RRI) is the interval between successive
R waves, where R is marked by the peak of the QRS
complex in each heartbeat. Substantially long RRIs were
quantitatively identified by a user-defined criteria of any
interval longer than 150 ms, which is approximately 150%
of the mean RR value. It was found that high-amplitude,
high-frequency cortical discharges precede instances of long
RRI by at least 500 ms. An example of such precedence is
shown in FIG. 8A.

[0633] To highlight cortical discharges the line length of
EEG (EEG,;) was calculated using a sliding window of
length 300 ms. The window length was selected such that 1t
accommodated a variety of discharges including sharp
waves, spikes, and spike and wave complexes.>® Different
instances of cortical discharges and their line length repre-
sentations are shown in Supp. FIG. 7A. In FIG. 8B, a
noticeable increase in EEG,, of the right posterior cortical
electrode immediately before the rise in the RRI time-series
associated with the event shown in FIG. 8A was demon-
strated. Similar increases in the EEG;; were observed in the
rest of the cortical and hippocampal channels. Inspection of
the associated recording video confirmed that these long
events were sub-convulsive. For the animal presented in
FIG. 8 this particular temporal pattern was observed for the
majority (31 out of 35) of exceedingly long RRIs, as
illustrated in FIG. 8C.

[0634] A limited number of substantially long RRIs was
observed for each animal that became epileptic. This ranged
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from 10 to 53 instances of long RRIs out of the 7-84 million
marked from the recording times prior to the animals’ first
seizures. Almost all of these cases were preceded by sub-
convulsive cortical and hippocampal discharges reflected in
increased EEG; ;. Much more complex cardiac arrhythmias
associated with the subsequent seizures in the epileptic
animals were observed, including peri-ictal tachycardia,
bradycardia, and post-ictal asystole. Therefore, it was
hypothesized that abnormal, potentially epileptic-like, brain
activity influences cardiac function.

[0635] The substantially long RRIs—Ilonger than 150
ms—were observed starting many weeks into the epilepto-
genesis process (black open circles in FIG. 7). It is therefore
possible that earlier in epileptogenesis abnormal brain activ-
ity would induce more subtle changes in duration of single
RRIs and if the size of such an effect would continuously
increase prior to the first seizure. The long latencies to the
first convulsive seizure in our epileptic animals provide a
platform to study the brain-heart coupling and its evolution
during epileptogenesis. Detection of abnormal transmission
early in epileptogenesis requires a cardiac measure that
identifies small abnormal fluctuations in the RR1, as well as
the statistical power to correlate them with small fluctuations
in brain activity.

State-Independent Cardiac Representation: dInRR

[0636] Distributions of conventional metrics of cardiac
activity such as absolute duration of RRIs or heart rate
variability (HRV) measures vary with behavioral states and
are highly sensitive to transitions between such states>” **
s1 Detrending methods such as detrended fluctuation analy-
sis (DFA)*® attempt to eliminate the behavioral state depen-
dency. These methods however fail to quantify non-station-
arities at the resolution of single RR intervals.® 2° In order
to investigate the relationship between cortical activity and
cardiac rhythm, a new and more flexible cardiac represen-
tation sensitive to small but abnormal fluctuations in the
duration of single RRIs was developed.

[0637] A representation at time T was defined, propor-
tional to the difference in mean RRI before and after T,
computed in windows T wide, normalized by the average RR
interval over the period 2t. This representation is denoted
dInRR(T) because it is the discrete estimate of the logarith-
mic derivative of the RR interval.

[0638] The distribution of dInRR is approximately sym-
metric with near-zero mean. Unlike conventional measures
of cardiac activity such as heart rate or HRV parameters (i.e.
root mean square of the successive differences (RMSSD) of
the RRI), distribution of dInRR is not influenced by changes
in behavioral state (FIG. 9A-B).

[0639] Sensitivity of dInRR to choice of T is discussed in
the supplementary materials and methods section. For these
analyses T was selected to be 0.5 s long to calculate dInRR,
mean heart rate, and the temporal HRV parameter
(RMSSD). For ©=0.5 s single longer RRIs that occur within
the window after time T result in large positive values of
dInRR in the tail of the distribution.

Epileptiform Discharges Cause Abnormally Long RR
Intervals

[0640] dInRR was used as a state-independent represen-
tation of cardiac activity. First, for each one hour block of
recordings, QRS complexes were detected from the ECG
and dInRR was calculated for each beat time with the T of
0.5 s. For EEG, we utilized line length as a representation of
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brain activity. Line length of intracranial EEG (iEEG) from
one hippocampal lead was selected for further brain-heart
correlation analyses. In FIG. 8 and FIG. 16A, it is shown that
line length of EEG (EEG,; calculated over 300 ms long
windows) sufficiently represented high frequency, high
amplitude brain events.

[0641] In order to identify any transmission along brain-
heart axis, the analysis was based on statistical tests of
dependence of the EEG,; and dInRR distributions. It was
hypothesized that if abnormal cortical activity is transmitted
from brain to heart, then coincidences with positive time-
delay between potentially abnormal values of EEG;; and
potentially abnormal values of dlnRR would be observed.
By construction, it was hypothesized that potentially abnor-
mal events have values in the tails of the distributions of
dInRR for heart and EEG,; for brain. Due to the non-
normality of the EEG,, and dInRR distributions the hour/
day long estimates of the distributions were transformed into
the rank space and non-parametric tests (Wilcoxon rank-sum
and Spearman’s rank correlation) were utilized for statistical
evaluations.

[0642] TItis shown in FIG. 10 that the joint distributions of
EEG,; and dInRR ranks, P(EEG,,(t), dInRR(t+At)), over
different time-offsets, At, for an hour-long block of data. The
ranks are normalized to be between [0,1]. The joint distri-
butions are consistent with independence of the individual
representations for three of the four time-offsets presented.
Once the dInRR distribution is shifted by a positive time-
offset of one second with respect to the EEG,; (At=1 s), the
joint distribution becomes highly non-uniform with high
densities in the extrema of the ranks (indicated by darker
corners in FIG. 10, At=1 s).

[0643] The non-uniformity of these joint distributions was
quantified by computing the conditional rank-sum (CRS) of
the EEG;; and dInRR rank distributions. These conditional
distributions are normalized to have expected mean rank of
0.5. The CRSs are shown for offset times At=1 s (black) and
At=10 s (red), for the rank-sum of dInRR as a function of
EEG,; (left inset), and for the rank-sum of EEG;; as a
function of dInRR (bottom inset). For independence of
representations EEG;; and dInRR should have a uniform
distribution and conditional rank-sums of 0.5, as observed
for At=10 s. In contrast, the CRSs at At=1 s diverge far from
that, consistent with interdependent distributions.

[0644] To illustrate the temporal changes in uniformity of
the joint distribution, the conditional rank-sums of the
EEG,; and dInRR rank distributions were calculated, for the
same hour-long block of data, over a sweep of time-offsets
(-50=At=50 s). For almost all At, the CRSs fluctuated
slightly around 0.5 as illustrated in FIG. 11. However, for the
small range of time offsets, O<At<2 s, the conditional rank-
sums for both EEG,, and dInRR rank distributions diverged
significantly from 0.5. Significance here is quantified from
the Wilcoxon rank-sum test P-value, which is the probability
that the observed rank-sums would have come from inde-
pendent distributions. Overlaid on FIG. 11 is the iso-contour
for P-value of 0.1 (yellow). This probability of indepen-
dence is observed in the range of 0<At<2 s. The P-value of
0.1 for the specific At=1 s is marked by the dashed gray lines
in the panels for conditional rank-sums in FIG. 10. Repeated
independent excursions through this contour were used to
vield highly significant observations (P<0.005).

[0645] Epileptic mice were the only cohort that presented
with high-value conditional rank-sums over time offsets of
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0O=At<2 s. Shown in FIG. 18 are conditional rank-sums of
EEG,; as a function of dInRR, over a sweep of time-offsets
(-50=At=50 s), for one epileptic animal 30 days post-
infection and time-matched non-epileptic and control mice.
The conditional rank-sum for the epileptic animal diverged
from 0.5 within the small time range 0<At<2 s. However, the
control and non-epileptic mice had CRSs with small fluc-
tuations around 0.5 at all times. Overlaid on FIG. 18 are
iso-contours for P-values of 0.1 (yellow) and 0.2 (black).

[0646] The significant divergence of the joint dInRR-
EEG,; distribution from independence with a peak delay of
1 s implies that fluctuations in brain activity potentially
cause or lead to fluctuations in cardiac activity. As illustrated
in the joint distribution with At=1 s (FIG. 10) high-ranked
values of EEG,, are correlated with high-ranked values of
dInRR 1 s later.

[0647] The Spearman’s rank-order correlation test was
utilized to quantify the correlation between the two distri-
butions of EEG,, and dInRR. Shown in FIG. 19 are the
conditional rank-sums of EEG;; distributions for an hour-
long block of data from epileptic, non-epileptic, and control
mice. Overlaid on FIG. 19 are the Spearman’s correlation
coeflicient (p) values (black solid lines) over a sweep of
time-offsets, —40<At=40 s. Similar to the conditional rank-
sum of EEG;; for the epileptic animal presented here, for
almost all At the Spearman’s correlation coeflicient fluctu-
ated around zero (with standard deviation of 0.054 for
AE[-10,10]). However, within the small range of 0<At<2 s
p increased up to 0.8. In contrast, for non-epileptic and
control animals the correlation coeflicient remained
smoothly fluctuating around zero (standard deviation of
0.052 for all At) which indicates no correlation between
dInRR and EEG,; distributions.

[0648] Without wishing to be bound by theory, it was
hypothesized that this apparent brain to heart coupling is
primarily mediated by isolated abnormal events. To demon-
strate this, potentially abnormal events were algorithmically
defined as those in the upper tails of the distributions. In
particular the conditional rank threshold (cRT) was defined
and the EEG;; and dInRR ranks were selected that were
above this threshold. cRT=0.99 is marked by the gray
dashed line in FIG. 9A for the dInRR distribution and by the
red dashed line in FIG. 16B for EEG,, distribution. The
values were extracted of the other representation as a func-
tion of time with respect to these high-rank values—brain or
heart triggered events—and quantify, as a function of time-
offset, whether their distribution is consistent with indepen-
dence. In FIG. 12 examples of this analysis for the one hour
long data block presented in FIG. 10 are illustrated.

[0649] The distribution of dInRR associated with poten-
tially abnormal cortical events was evaluated, P(EEG, (1),
dInRR(t+At)Irank(EEG, ,(1))=zcRT=0.99). The dInRR distri-
bution conditioned on cortical event times was calculated
and evaluated against the null hypothesis that the dInRR
values are randomly selected, using the Wilcoxon rank-sum
test. Shown in FIG. 12A are the dlnRR distributions as a
function of cortical event times. Here, the dInRR distribution
within 2 seconds after potentially abnormal brain events is
significantly different from the distribution consistent with
random selection (Wilcoxon rank-sum test p=0.0011). Fur-
ther, many values within 2 seconds after these potentially
abnormal brain events (O<At<2 s) belong to the 99% upper
ranks of the dInRR rank distribution (dInRR=170 m™*s™).
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[0650] We then evaluated the distribution of EEG;,; con-
ditioned on potentially abnormal cardiac event times—
defined as the 99% upper ranks of the dInRR rank distribu-
tion—was then evaluated, P(EEG,,(t-At), dInRR(t)lrank
(dInRR(1))=cRT=0.99), against the null hypothesis that the
EEG;; values are randomly selected, using the Wilcoxon
rank-sum test. Shown in FIG. 12B are the rank distributions
of the EEG,; as a function of cardiac event times. EEG,,
values within 2 seconds prior to potentially abnormal car-
diac events (0=At<2 s) held significantly higher ranks com-
pared to what was consistent with random distribution of
ranks (Wilcoxon rank-sum test, p=1.2e-4).

[0651] It was found that distributions of abnormal cortical
and cardiac events are not independent. In particular the
correspondence between large variations in brain activity,
i.e. abnormal cortical events, and positive variations in the
dInRR occur more frequently than is expected from random
co-occurrence. The similarity between the results of the
analyses whether triggered by potentially abnormal brain
events or by potentially abnormal cardiac events is consis-
tent with the joint distribution in FIG. 10. The correspon-
dence between the extrema of the ranks in the joint distri-
bution is bidirectional such that high ranks in the rank
(dInRR(t+At)) coincide with the high ranks in the rank
(EEG,,).

Brain-Heart  Coincidence as a  Biomarker for

Epileptogenesis

[0652] It was hypothesized that the significant divergence
of the joint dInRR and EEG;; distribution from uniformity
within the specific range of 0=<At<2 s could be used to
distinguish animals that would become epileptic from the
ones that did not. Further, once quantified such divergences
can serve as a biomarker of the epileptogenesis process.
[0653] Inboth analyses, brain- or cardiac-triggered events,
for the animal presented in FIG. 12 P-value (Wilcoxon)<0.1
was selected as the criteria to mark an hour-long block of
data for the existence of brain-heart coupling. This threshold
corresponds to the yellow iso-contours in FIG. 11. As
illustrated in the middle panel of FIG. 12, the hour was
marked if the P-value of the Wilcoxon rank-sum test was
less than 0.1 during the 2 s time-offset (red meshed area).
For 0O=At=2 s the threshold for the potentially abnormal
events—cRT=99%—lies at the extremity of the area
bounded by the iso-contour of P=0.1. Therefore, the initial
cRT=99% for the abnormal events is highly restrictive.
[0654] Hour-long blocks of data were marked for the
existence of brain-heart coincidences from onset of record-
ing until the first seizure. In this analysis the threshold of
P-value <0.1 is applied to every hour within the day, and
then averaged over the day. Given a random distribution, the
error rate of 0.1 over 24 repeated measures results in the
probability of 0.002 for observing a fraction of hours =0.33
(=8 out of 24) with brain-heart coincidences. The fraction of
hours per week where the conditional dInRR and EEG,,
distributions were different than random is shown for one
animal in the last panels of FIG. 12. These fractions
increased nearly monotonically until the occurrence of the
first seizure.

[0655] A cross-validation classification method was then
adopted to separate epileptic from non-epileptic and control
animals. The conditional rank-sum (CRS) for EEG,; (con-
ditioned on rank(dlnRR)=0.99) was first computed for every
hour-long block of data for all animals. Then every other day
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of measures from the first 14 days of recordings was selected
for all animas as a training set, and the minimum CRS
threshold that maximized the classification specificity for
identifying epileptic animals was found. The conditional
rank-sum threshold was then applied to all remaining data,
and hours with CRSs larger than this threshold were marked
for existence of brain-heart coincidences.

[0656] The fraction of hours per day with marked brain-
heart coincidences is shown in FIG. 13A. Under the null
hypothesis that ranks are selected randomly, the P-value
associated with the rank-sum threshold is 0.0554. This
threshold is applied to every hour within the day, and then
averaged over the day. Therefore, with a random distribution
(the null hypothesis) and 24 repeated measures it results in
the probability of <0.002 for observing a fraction of hours
20.25 (26 out of 24) with brain-heart coincidences per day.
For the epileptic animals these fractions fluctuate during the
first 21 days post-recording onset, but they all generally
increase during epileptogenesis. However, for non-epileptic
animals they remain low from the onset of recording until
time-of-death.

[0657] It is noted that the measurements, although con-
tinuous and long-term, started weeks after the malarial
infection. Therefore, the exact onset of detectable neuro-
physiological changes during epileptogenesis in this data set
remains unclear.

[0658] If a classification criteria is defined by maximizing
specificity (black line in FIG. 13A and grey dashed line in
FIG. 13B), using the fraction of marked hours per day, all 13
mice under analysis can be correctly classified into epileptic
(n=9) and non-epileptic (n=4) groups over almost all of the
period shown. One epileptic animal is temporarily mis-
classified within the third week of recording.

[0659] The sensitivity of the rank-sum classifier to the
criteria of potentially abnormal events was further investi-
gated. For data shown in FIG. 13A, the conditional rank-sum
(CRS) of EEG;; was conditioned on rank threshold of 0.99
(rank(dInRR)=cRT=0.99). Shown in FIG. 13C are the mini-
mum CRS thresholds selected as the classification boundary
to mark hours for brain-heart coincidences over a sweep of
rank thresholds (cRTE[85%, 99%]). As more ranks are
allowed into the potentially abnormal samples the rank-sum
threshold increases in order to separate epileptic from non-
epileptic and control animals with maximum specificity.
Maximum specificity is achieved at the expense of degrad-
ing sensitivity. Neither specificity nor sensitivity decreases
below 80% for all the rank-thresholds indicating the robust-
ness of the classification over a wide range of conditional
rank thresholds (cRT).

[0660] By expanding the analysis block size from one
hour blocks to full day intervals, the statistical power of this
analysis can be increased. As done previously, CRS of
EEG,; conditioned on rank threshold of 0.99 was computed
for full day-long blocks of data, then the conditional rank-
sum was derived in the window of O<At<2 s, and finally the
minimum P-value of the Wilcoxon rank-sum test over the
range O<At=2 s was marked.

[0661] The conditional rank-sum of the EEG, ; within the
range O<At<2 s is shown in FIG. 14A for each day for all
epileptic, non-epileptic, and control animals. As with the
daily fractional detections (FIG. 13A), this representation
steadily increases during epileptogenesis (for the epileptic
animals) with smaller fluctuations during the first weeks of
recordings. With this statistic the epileptic animals are
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completely separated from non-epileptic animals from the
first day of recording (FIG. 14B). Therefore, the represen-
tation provides a classifier with complete sensitivity and
specificity.

[0662] The potentially abnormal events in FIG. 13A are
based on the conditional rank threshold (cRT) of 0.99. In
order to evaluate the sensitivity of the classifier presented in
FIG. 13B to this threshold the analyses was repeated for a
sweep of threshold values from 75-99%. As described
previously, the conditional rank-sum (CRS) was calculated
for day-long blocks of data for all animals, and the condi-
tional rank-sum of the EEG;; within 0=At<2 s was found.
The animals were then classified with a classification bound-
ary to maximize specificity. As shown in FIG. 14C, the
classification sensitivity begins to degrade when the condi-
tional rank threshold (cRT) is below 95%, although speci-
ficity decreases only when the cRT is below 88%. Therefore,
the analysis is quite robust for a range of statistically
relevant thresholds over the rank distributions.

[0663] Spearman’s correlation coeflicient was utilized to
quantify the evolution of brain-heart coupling during epi-
leptogenesis independent of any thresholds. The Spearman’s
correlation coeflicient (p) was computed for each hour-long
block of data, the maximum value in the range of 0<At<2 s
was selected, and the averaged value for each day was
calculated. The evolution of daily averages of p for epileptic
and non-epileptic animals is illustrated in FIG. 21. As with
the daily fractional detections, for epileptic animals p has an
overall increasing trend with large fluctuations during the
first 21 days of recordings. For non-epileptic mice p remains
relatively low with small changes around zero.

[0664] It was further investigated if dInRR and EEG, ; on
their own provide enough information to identify the pro-
gression of epileptogenesis as well as to separate epileptic,
non-epileptic, and control groups. The mean EEG;,
remained relatively stationary in the duration before the first
seizure in epileptic mice and during entire lifetime for
non-epileptic mice (FIG. 22A). Only for one epileptic ani-
mal did the mean EEG,; increase transiently, but it dropped
again weeks before the first seizure. Even hours before the
first seizure EEG,; did not vary between epileptic and
non-epileptic animals (FIG. 22A-right panel).

[0665] The dInRR distribution is approximately zero-
mean. However the width of the dInRR distribution is a
measure of local variability in RR interval. The standard
deviation of dInRR distribution slowly increased for a
portion of epileptic animals (n=4). But the variations in the
standard deviation of dInRR (presented in FIG. 22B) were
not differentiable for epileptic vs. non-epileptic mice.
[0666] Both EEG,; and dInRR distributions significantly
overlap for epileptic and non-epileptic animals (FIG. 23A.a
and FIG. 23B.a). A variety of statistical measures were
tested for each of the distributions as features to separate
epileptic from non-epileptic mice. None provided significant
sensitivity or specificity to separate, as illustrated by the
Receiver Operating Characteristics (ROC) curves of mean,
standard deviation, standard error of the mean, and values of
the 1-5% upper bounds.

Discussion

[0667] Continuous long-term recordings in a murine
model of post-cerebral malaria epilepsy were used to derive
representations of brain-heart interactions. The statistical
co-dependence of these representations as a biomarker of the
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epileptogenesis period was then investigated in 9 epileptic
mice. Underlying these representations are delayed coinci-
dences of large fluctuations in brain activity causing—
approximately 1 s later—large fluctuations in cardiac rhyth-
micity. Line length was used as the representation for brain
activity to specifically highlight epileptiform events and
transient cortical discharges. The representation of cardiac
rhythmicity was designed to be independent of state of
vigilance (SOV) and to highlight abrupt changes in cardiac
rhythm with resolution of single long RR intervals. By
construction, abnormal brain and cardiac events result in
large positive values of the corresponding representations.
[0668] It was demonstrated that abnormal cortical dis-
charges precede abnormally long single RR intervals. These
delayed coincidences were only detected from brain-trig-
gered or heart-triggered analyses in animals that later
became epileptic. Further, once quantified, it was observed
that the strength of the coupling between abnormal brain and
heart events increases during epileptogenesis.

[0669] The observations that sub-convulsive cortical dis-
charges lead to isolated long RR intervals implicate involve-
ment of the autonomic nervous system impinging on heart.
The possible mechanistic bases for this phenomenon might
be imbalanced parasympathetic activity transmitted to the
heart via the vagal nerve or a decrease in sympathetic
activity. The detected positive time-delay of 1 s is consistent
with previous reports of an induced reduction in heart rate
after electrical stimulation of the vagal nerve branch inner-
vating the heart.’> % In the context of epilepsy, these
findings support the body of evidence that epileptic dis-
charges and seizure activity recruit cortical structures as well
as autonomic nuclei regulating cardiac rhythmicity.*® #* 4%
53
[0670]
uting clinical manifestation of severe childhood malaria.
42, 64 One might question whether the observations described
herein are due to post-malarial cardiac dysfunction. Animals
identified as non-epileptic in this study experienced and then
were rescued from cerebral malaria and therefore were
subject to potential cardiac damage. Compared to animals
that later became epileptic we found negligible incidents of
abnormally long RR intervals and abnormal brain-to-heart
coincidences in non-epileptic mice. Control animals pre-
sented with even lower incidence of development of abnor-
mal transmission along brain-heart axis. The findings
described herein are thus not attributed to the cardio-patho-
logical effects of malarial infection.

[0671] The strength of the brain-to-heart coupling during
epileptogenesis shown in FIG. 13 and FIG. 14 exhibited an
increasing pattern with day-by-day fluctuations in the first
3-4 weeks of recordings. Compared to the large variations in
the daily fractional detections (FIG. 13A), the day long
detection representation (FIG. 14A) shows relatively smaller
day-by-day variations. Therefore, the day-long detections
separate pre-epileptic and non-epileptic animals with com-
plete sensitivity and specificity from the first day of the
recordings. The high degree of separability of pre-epileptic
from non-epileptic and control mice provided can thus be
utilized in phenotyping animals in studies and assessing risk
of epilepsy in patients.

[0672] The large fluctuations of the daily fractional rep-
resentation (FIG. 13A) in all pre-epileptic mice reflect the
finer temporal variations of the brain-to-heart coupling.
These fluctuations were the most severe in the animal that

Impaired cardiac function is considered a contrib-

32,
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was transiently misclassified (light blue trace in FIG. 13A).
These changes may be part of the dynamic nature of
epileptogenesis. It was hypothesized that successful treat-
ments to interrupt epileptogenesis will be reflected as
decreases in the abnormal brain-to-heart coupling captured
via the daily fractional detections.

[0673] In future work, the observation of development of
abnormal brain-to-heart coupling prior to the first convulsive
seizure can be adapted to forecast seizure clusters with long
seizure-free intervals between them. These clusters would
be reflected in increases of the abnormal brain-to-heart
coincidences followed by gradual decreases representative
of the seizure-free periods.

[0674] The cortically-induced disturbances of cardiac
rhythm have the potential to make the network more sus-
ceptible to more seizures and vulnerable to their effects.’” !*-
33, 38, 54 The Lockstep phenomenon (LSP) is evidence that
epileptic discharges can interrupt autonomic regulation.
Therefore LSP is proposed to share a common underlying
mechanism with SUDEP."> > 3% 4% 33 The gbservations
described herein of abnormal brain-to-heart coupling
implies that cortical discharges are involved in induced
autonomic disbalance that could create a vicious cycle that
leads to catastrophic conditions such as gradual deterioration
of physiological signs and increased risk of SUDEP. For
these cases the strength of the brain-to-heart coupling could
be investigated to assess the need and efficacy of cardiac
pacemakers to reduce risk of SUDEP.

[0675] Although there are quite a few animal models of
epilepsy, the time-course of disease development and the
underlying processes do not necessarily match human epi-
leptogenesis periods. The murine post-cerebral malaria epi-
lepsy studied here models the human conditions of post-
infection acquired epilepsy. Both express long and variable
epileptogenesis periods prior to observations of spontaneous
seizures. The findings described herein of brain-heart coin-
cidences in this model can offer a novel approach to prevent
epilepsy in high-risk patients—post traumatic brain injuries,
post-infection,  post-anoxic/ischemic,  post-surgical—
through pharmacological trials with biomarker monitoring.
[0676] The brain-heart coincidence representation intro-
duced here is based on fast temporal correlations—of the
order of 1-2 seconds—between variations in single RR
intervals and small fluctuations in brain activity. The tem-
poral resolution needed for detection of such correlation is
enabled because mouse heart beats many times per second.
The analyses presented here may need to be adjusted for the
relatively slower heart rates in human subjects for clinical
applications.

[0677] A critical need in biomarker research is develop-
ment of preferably non-invasive and less costly markers that
can be applied easily to human population. In the exemplary
method disclosed herein, the brain-to-heart coupling during
epileptogenesis was detected from coincidences between
EEG and ECG. Flectrocardiograms are non-invasive. But
further investigation of the underlying mechanisms of brain-
heart axis may include measurements from the vagal nerve
innervating the heart. Direct measurements of the cardiac
branch of the vagal nerve can be provided by bipolar
electrodes and implanted radio-transmitters.” >* % 3% %
[0678] The work presented here highlights one of the
many potential mechanistic coincidences between central
nervous system and much more accessible physiological
measurements. These physiological measures such as car-
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diac activity for parasympathetic and skin sympathetic nerve
activity for sympathetic nervous system'* %2, limb motion®**
29, 30, 36, 65, cerebrovascular function®, and state of vigilance
(SOV)* can not only provide more insight into the under-
lying mechanisms of neurologically-sourced pathologies but
can lead to novel diagnostic approaches and identification of
new phenotypic features.
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What is claimed is:

1. A computer-implemented method for characterizing

heart fluctuations, comprising:

receiving, by at least one device, physiological data that
describes cardiac activity of a mammal over a period of
time, wherein the at least one device comprises a
computer-processor and computer-memory;

identifying, by the at least one device, two or more
reference points in the physiological data;

determining, by the at least one device, one or more
intervals wherein each interval is an interval between a
unique set of two of the reference points;

processing, by the at least one device, the one or more
intervals to generate one or more cardiac activity
feature representations, wherein a distribution of the
cardiac activity feature representations of the mammal
over the period of time is independent of the mammal’s
behavioral state during the period of time, wherein
processing the one or more intervals comprises deter-
mining for each interval a discrete estimate of the
logarithmic derivative of the one or more intervals at a
selected reference time, proportional to the difference
in the interval before and after each selected reference
time determined over a first time window, normalized
by the average interval over a second time window, and
wherein processing the one or more intervals comprises
determining dInRR at any time, T, using first window
length 7, and second window length T,, according to
the equation:

RRI, (T +
ar 1770
Ry = 50 RRIA(D)

Oct. 31,2019

-continued
wherein
_ T
Mo =5 @
RRI (1) = o
Nir,r, (T)

Negzr, (T) o fractional number of intervalse [T —7;/2, T+ 7; /2],

and
wherein the fractional number of intervals include partial
intervals that remain inside the first or second time
windows; and
providing, by the at least one device, an indication of the
cardiac activity feature representations of the mammal
over the period of time.

2. The method of claim 1, further comprising:

processing, by the at least one device, the cardiac activity

feature representations to generate an estimated distri-
bution of the cardiac activity feature representations of
the mammal over the period of time;

providing, by the at least one device, an indication of the

distribution of the cardiac activity feature representa-
tions of the mammal over the period of time;
identifying, by the at least one device, a threshold range
within the distribution based on the distribution;
providing, by the at least one device, an indication of the
threshold range;

identifying, by the at least one device, one or more cardiac

activity feature representations that are outside of a
predetermined range in the distribution to generate a set
of one or more target cardiac activity feature represen-
tations; and

providing, by the at least one device, an indication of the

one or more target cardiac activity feature representa-
tions outside of the predetermined range in the distri-
bution.

3. The method of claim 2, wherein each of the one or more
target cardiac activity feature representations describes a
single heartbeat of the mammal.

4. The method of claim 1, wherein the physiological data
is ECG data and wherein the reference points correspond to
one or more morphological feature representations of an
ECG of the mammal.

5. The method of claim 1, wherein the morphological
feature representations are selected from a T-wave peak, a
P-wave peak, a R-wave peak, an onset of a P-wave, an onset
of Q, and an end of a T-wave.

6. The method of claim 1, wherein at least one of the two
or more reference points are representative of at least one
feature of a QRS complex or at least one feature within a
QRS complex of the mammal.

7. The method of claim 1, wherein the reference points are
R wave peaks.

8. The method of claim 7, wherein the one or more
intervals include at least one RR interval.

9. The method of claim 1, wherein T, is greater than or
equal to 100 ms.

10. The method of claim 1, wherein T, is greater than or
equal to 1 second.

11. The method of claim 1, wherein T, is about 0.5
seconds and T, is about 1 second.
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12. The method of claim 1, wherein T, is from about 5 to
about 20 seconds and T, is about 15 to about 30 seconds.

13. The method of claim 1, wherein the mammal is
human, mouse, or rat.

14. A method for estimating the risk of occurrence of a
physiological event in a mammal prior to the occurrence of
the physiological event, comprising:

obtaining brain activity data that describes brain activity

of the mammal over a first period of time;
obtaining peripheral activity data that describes peripheral
activity of the mammal over a second period of time;

receiving, by at least one device, brain data from a brain
activity measurement device that describes brain activ-
ity of a mammal over the first period of time;

receiving, by the at least one device, periphery data from
a peripheral activity measurement device that describes
peripheral activity of a mammal over the second period
of time;
generating, by the at least one device, one or more brain
feature representations based on the brain data;

generating, by the at least one device, one or more
periphery feature representations based on the periph-
ery data;

generating, by the at least one device, one or more brain

statistical distributions of the one or more brain feature
representations;

generating, by the at least one device, one or more

periphery statistical distributions of the one or more
periphery feature representations;

identifying, by the at least one device, one or more brain

feature representations that fall outside of a predeter-
mined range in the brain statistical distribution to
generate a set of one or more target brain feature
representations;

identifying, by the at least one device, one or more

periphery feature representations that fall outside of a
predetermined range in the periphery statistical distri-
bution to generate a set of one or more target periphery
feature representations;

determining, by the at least one device, a brain-periphery

temporal association between the one or more target
brain feature representations and the one or more target
periphery feature representations;

determining, by the at least one device, an estimate of risk

of a future physiological event based on the brain-
periphery temporal association; and

providing, by the at least one device, an indication of the

estimate of risk of the future physiological event.

15. The method of claim 14, wherein:

the periphery data is ECG data;

receiving the periphery data comprises receiving, by at

least one device, physiological data that describes
cardiac activity of a mammal over a period of time;
identifying, by the at least one device, two or more
reference points in the physiological data;
determining, by the at least one device, one or more
intervals wherein each interval is an interval between a
unique set of two of the reference points;
processing, by the at least one device, the one or more
intervals to generate one or more cardiac activity
feature representations, wherein a distribution of the
cardiac activity feature representations of the mammal
over the period of time is independent of the mammal’s
behavioral state during the period of time, wherein
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processing the one or more intervals comprises deter-
mining for each interval a discrete estimate of the
logarithmic derivative of the one or more intervals at a
selected reference time, proportional to the difference
in the interval before and after each selected reference
time determined over a first time window, normalized
by the average interval over a second time window, and
wherein processing the one or more intervals comprises
determining dInRR at any time, T, using first window
length T, and second window length 7,, according to
the equation:

N 71 —_ T1
ane, 4 | BRI (T+ 7) - RRI, (T - 7)

T, -
2 T

RRI(T)

()= —
R Nirry (T)

- N, (T)

def . . T T
Negr (T) = fractional number of intervals € [T— R T+ E],

and
wherein the fractional number of intervals include partial
intervals that remain inside the first or second time windows.
16. The method of claim 14, wherein the brain activity
data is EEG data and the EEG data is EEG line length data.
17. The method of claim 15, wherein:
the periphery data is ECG data;
receiving the periphery data comprises receiving, by at
least one device, physiological data that describes
cardiac activity of a mammal over a period of time;
identifying, by the at least one device, two or more
reference points in the physiological data;
determining, by the at least one device, one or more
intervals wherein each interval is an interval between a
unique set of two of the reference points;
processing, by the at least one device, the one or more
intervals to generate one or more cardiac activity
feature representations, wherein a distribution of the
cardiac activity feature representations of the mammal
over the period of time is independent of the mammal’s
behavioral state during the period of time, wherein
processing the one or more intervals comprises deter-
mining for each interval a discrete estimate of the
logarithmic derivative of the one or more intervals at a
selected reference time, proportional to the difference
in the interval before and after each selected reference
time determined over a first time window, normalized
by the average interval over a second time window, and
wherein processing the one or more intervals comprises
determining dInRR at any time, T, using first window
length T, and second window length 7,, according to
the equation:

def 1 mTI(T"— %)_Rﬂrl (T_ 2)

dInRR(D), g S 2

RRI(T)
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-continued
wherein
_ Ty
M D= G @
RRI (1) = o
Nir,r, (T)

Negey (T) # fractional mumber of intervalse [T-7:/2.T+7/2],

and
wherein the fractional number of intervals include partial
intervals that remain inside the first or second time
windows; and
providing, by the at least one device, an indication of the
cardiac activity
feature representations of the mammal over the period of
time; and
the physiological event is selected from the onset of
acquired epilepsy, a seizure, and sudden unexpected
death in epilepsy (SUDEP).
18. The method of claim 14, wherein the mammal is
human, mouse, or rat.
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