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(57) ABSTRACT

Systems and methods for predicting and/or detecting cardiac
events based on real-time biomedical signals are discussed
herein. In various embodiments, a machine learning algo-
rithm may be utilized to predict and/or detect one or more
medical conditions based on obtained biomedical signals.
For example, the systems and methods described herein may
utilize ECG signals to predict and detect cardiac events. In
various embodiments, patterns identified within a signal
may be assigned letters (i.e., encoded as distributions of
letters). Based on the known morphology of a signal, states
within the signal may be identified based on the distribution
of letters in the signal. When applied in the in-vehicle
environment, drivers or passengers within the vehicle may
be alerted when an individual within the vehicle is, or is
about to, experience a cardiac event.
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SYSTEMS AND METHODS FOR
PREDICTING AND DETECTING A CARDIAC
EVENT

CROSS REFERENCE TO RELATED
APPLICATIONS

[0001] This application is a continuation of U.S. patent
application Ser. No. 16/040,473, filed Jul. 19, 2018, entitled
“SYSTEMS AND METHODS FOR PREDICTING AND
DETECTING A CARDIAC EVENT,” the entire contents of
which is incorporated herein by reference.

TECHNICAL FIELD

[0002] The disclosed technology relates generally to sys-
tems and methods for predicting and detecting cardiac
events, and more particularly, some embodiments relate to
systems and methods for predicting and detecting cardiac
events in non-clinical noisy environments such as, in-ve-
hicle environments, based on real-time biomedical signals
received for drivers and/or passengers within the vehicle.

DESCRIPTION OF THE RELATED ART

[0003] Conventional systems for detecting or predicting
cardiac events are typically limited to specific types of
cardiac events (or other medical conditions) and are difficult
to modify to identify other types of events. Conventional
systems are also often over-reliant on identifying particular
peaks in a biomedical signal (e.g., an ECG signal) and fail
to consider motion of the subject or other factors such as the
environment noise, in detecting or predicting a potential
medical condition. Additionally, conventional systems are
typically designed to either detect or predict a medical
condition (such as a cardiac event), but are rarely able to do
both. There is a need for a means to both reliably detect and
predict multiple types of medical conditions simultaneously.

BRIEF SUMMARY OF EMBODIMENTS

[0004] The systems and methods described herein may be
used to detect and/or predict cardiac events based on real-
time biomedical signals obtained from an individual. In
various embodiments, a machine learning algorithm may be
used to detect and/or predict the cardiac events. Training
data obtained may comprise of a plurality of biomedical
signals (“training signals”). Pre-event signals may be
extracted from the training data that span a predetermined
time interval before occurrence of a particular cardiac event.
The training data may be analyzed to compute a sequence of
conditional probability vectors. The pre-event signals may
be applied to a Markov chain algorithm to train the machine
learning algorithm based on the sequence of probability
vectors obtained by analyzing the training signals, resulting
in trained Markov transition matrices. The trained Markov
transition matrices may be applied to a signal obtained from
an individual in real-time to automatically predict an upcom-
ing cardiac event for that individual. In various embodi-
ments, the training signals and signals obtained in real-time
may be pre-processed to remove noisy signals and/or
enhance the signal ultimately utilized.

[0005] Unlike conventional systems which rely on recog-
nized peaks associated with a signal (e.g., R-peak in an ECG
signal), the systems and methods described herein do not
rely on peak detection to analyze a signal. The systems and
methods described herein instead identify certain forms in a
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signal and the frequency with which the form appears to
identify patterns. The identified patterns are assigned letters
(i.e., encoded into distributions of letters, such as distribu-
tion “Q”). In various embodiments, identified patterns may
be encoded as letters, numbers, and/or other identifiers.
Based on the known morphology of a signal, the Markov
model is able to identify states in the signal based on the
distribution of letters in the signal. For example, the Markov
model may consider domain knowledge associated with one
or more medical conditions and biomedical signals to iden-
tify states associated with a particular pattern. For example,
based on the temporal relationship between multiple patterns
in a ECG signal, the Markov model may be configured to
determine that a first pattern assigned the arbitrary letter “x”
is an R-peak and that a second pattern assigned the arbitrary
letter “y” is a peaked P-wave. As such, the systems and
methods described herein do not rely on peak detection, but
instead are able to analyze a signal based on the patterns
identified therein.

[0006] In some embodiments, the systems and methods
described herein may be configured to generate an alert and
cause the alert to be communicated when a cardiac event has
been predicted or detected. In some embodiments, the
systems and methods described herein may be configured to
predict and/or detect cardiac events in an in-vehicle envi-
ronment based on real-time biomedical signals received for
drivers and/or passengers within the vehicle. In the in-
vehicle environment, the systems and methods described
herein may be configured to generate an alert and cause the
alert to be provided to a driver, a passenger, and/or the
authorities. In some embodiments, the system may auto-
matically slow the vehicle and/or actuate other safety
maneuvers in response to a predicted or detected cardiac
event.

[0007] The system may include one or more hardware
processors configured by machine-readable instructions.
Executing the machine-readable instructions may cause the
one or more processors to predict and/or detect cardiac
events based on real-time biomedical signals obtained from
an individual. The one or more physical processors may
represent processing functionality of multiple components
of the system operating in coordination. Therefore, the
various processing functionality described in relation to the
one or more processors may be performed by a single
component or by multiple components of the system.

[0008] Other features and aspects of the disclosed tech-
nology will become apparent from the following detailed
description, taken in conjunction with the accompanying
drawings, which illustrate, by way of example, the features
in accordance with embodiments of the disclosed technol-
ogy. The summary is not intended to limit the scope of any
inventions described herein, which are defined solely by the
claims attached hereto.

BRIEF DESCRIPTION OF THE DRAWINGS

[0009] The technology disclosed herein, in accordance
with one or more various embodiments, is described in detail
with reference to the following figures. The drawings are
provided for purposes of illustration only and merely depict
typical or example embodiments of the disclosed technol-
ogy. These drawings are provided to facilitate the reader’s
understanding of the disclosed technology and shall not be
considered limiting of the breadth, scope, or applicability
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thereof. Tt should be noted that for clarity and ease of
illustration these drawings are not necessarily made to scale.
[0010] FIG. 1 illustrates an example of a vehicle with
which systems and methods for predicting and/or detecting
cardiac events may be implemented, in accordance with one
embodiment of the systems and methods described herein.
[0011] FIG. 2 contains an operational flow diagram illus-
trating an example workflow for training a model used to
predict and/or detect a cardiac event, in accordance with
various embodiments.

[0012] FIG. 3 contains an operational flow diagram illus-
trating an example workflow for classifying conditions
based on one or more biomedical signals, in accordance with
various embodiments.

[0013] FIG. 4A contains an operational flow diagram
illustrating an example workflow for pre-processing a bio-
medical signal, in accordance with various embodiments.
[0014] FIG. 4B illustrates an example of a biomedical
signal at different stages of filtering and encoding, in accor-
dance with various embodiments.

[0015] FIG. 5 contains an operational flow diagram illus-
trating an example workflow for creating a Markov chain
algorithm, in accordance with various embodiments.
[0016] FIG. 6A illustrates an example of a relational map
between words that is searched to create a Markov chain
algorithm, in accordance with various embodiments.
[0017] FIG. 6B illustrates an example of a Markov chain
algorithm created based on the relational map between
words depicted in FIG. 6A, in accordance with various
embodiments.

[0018] FIG. 7 is an example of a method for predicting
and/or detecting cardiac events, in accordance with various
embodiments.

[0019] FIG. 8 illustrates an example computing module
that may be used in implementing various features of
embodiments of the disclosed technology.

[0020] FIG. 9illustrates an example of a block diagram of
an event prediction module configured to predict and/or
detect medical conditions based on one or more obtained
biomedical signals, in accordance with various embodi-
ments.

[0021] The figures are not intended to be exhaustive or to
limit the invention to the precise form disclosed. It should be
understood that the invention can be practiced with modi-
fication and alteration, and that the disclosed technology be
limited only by the claims and the equivalents thereof.

DETAILED DESCRIPTION OF THE
EMBODIMENTS

[0022] Embodiments of the technology disclosed herein
are directed toward systems and methods for predicting
and/or detecting medical conditions of an individual based
on one or more obtained biomedical signals. In various
embodiments, the systems and methods disclosed herein
may be configured to predict and/or detect medical condi-
tions (e.g., a cardiac event) in an in-vehicle environment
based on real-time biomedical signals received for drivers
and/or passengers within the vehicle.

[0023] In various embodiments, the systems and methods
disclosed herein may be configured to predict and/or detect
cardiac events, such as Atrial Fibrillation (or AFib) events,
in real-time based on biomedical signals received for an
individual. Atrial Fibrillation is a common cardiac arrhyth-
mia with symptoms ranging from nonexistent to severe.
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Prediction of abnormal heart rates or AFib events may help
prevent life-threatening conditions like stroke or heart fail-
ure. Typically, monitoring a patient with AFib requires
monitoring an electrocardiogram (ECG) signal of the
patient. An ECG signal comprises numerous components,
including a P-wave (representing depolarization of the
atria), the QRS complex and R-peak (representing the rapid
depolarization of the right and left ventricles), and the
T-wave (representing the repolarization of the ventricles).
[0024] Most existing monitoring systems require long-
term hospitalization. The systems and methods described
herein are directed to systems and methods that may be used
to predict and/or detect cardiac events, such as episodes
associated with AFib, ventricular fibrillation, ventricular
tachycardia, supraventricular tachycardia, bradycardia,
myocardial infarction, and/or one or more other types of
cardiac events. The systems and methods described herein
may be used to predict and/or detect cardiac events either
inside or outside of a hospital environment. For example, the
systems and methods described herein may be implemented
in an environment remote from a hospital where clinicians
able to diagnose a cardiac event are not available, in the
home, in the hospital to assist clinicians, in an in-vehicle
environment where sudden cardiac events can be dangerous
to the drivers, the passengers, and other individuals on the
road, and/or one or more other environments inside or
outside a hospital environment.

[0025] In some embodiments, the technology disclosed
herein may be implemented in any of a number of different
vehicle types including, for example, automobiles, trucks,
buses, boats and ships, and other vehicles. An example
vehicle, such as a hybrid electric vehicle (HEV), in which a
camera vehicle activation system may be implemented is
illustrated in FIG. 1. FIG. 1 illustrates an example of a
hybrid electric vehicle 10 that may include an internal
combustion engine 14 and one or more electric motors 12 as
sources of motive power. Driving force generated by the
internal combustion engine 14 and motor 12 can be trans-
mitted to one or more wheels 34 via a torque converter 16,
a transmission 18, a differential gear device 28, and a pair of
axles 30.

[0026] As an HEV, vehicle 10 may be driven/powered
with either or both of engine 14 and the motor(s) 12 as the
drive source for travel. For example, a first travel mode may
be an engine-only travel mode that only uses ICE 14 as the
drive source for travel. A second travel mode may be an EV
travel mode that only uses the motor(s) 12 as the drive
source for travel. A third travel mode may be an HEV travel
mode that uses engine 14 and the motor(s) 12 as drive
sources for travel. In the engine-only and HEV travel modes,
vehicle 10 relies on the motive force generated at least by
ICE 14, and a clutch 15 may be included to engage engine
14. In the EV travel mode, vehicle 10 is powered by the
motive force generated by motor 12 while engine 14 may be
stopped and clutch 15 disengaged.

[0027] Engine 14 can be an internal combustion engine
such as a gasoline, diesel or similarly powered engine in
which fuel is injected into and combusted in a combustion
chamber. An output control circuit 14A may be provided to
control drive (output torque) of engine 14. Output control
circuit 14A may include a throttle actuator to control an
electronic throttle valve that controls fuel injection, an
ignition device that controls ignition timing, and the like.
Output control circuit 14A may execute output control of
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engine 14 according to a command control signal(s) sup-
plied from an electronic control unit 50, described below.
Such output control can include, for example, throttle con-
trol, fuel injection control, and ignition timing control.
[0028] Motor 12 can also be used to provide motive power
in vehicle 10, and is powered electrically via a power storage
device 44. Motor 12 can be powered by power storage
device 44 to generate a motive force to move the vehicle and
adjust vehicle speed. Motor 12 can also function as a
generator to generate electrical power such as, for example,
when coasting or braking. Power storage device 44 may also
be used to power other electrical or electronic systems in the
vehicle. Motor 12 may be connected to power storage device
44 via an inverter 42. Power storage device 44 can include,
for example, one or more batteries, capacitive storage units,
or other storage reservoirs suitable for storing electrical
energy that can be used to power one or more motors 12.
When power storage device 44 is implemented using one or
more batteries, the batteries can include, for example, nickel
metal hydride batteries, lithium ion batteries, lead acid
batteries, nickel cadmium batteries, lithium ion polymer
batteries, and other types of batteries.

[0029] An electronic control unit 50 (described below)
may be included and may control the electric drive compo-
nents of the vehicle as well as other vehicle components. For
example, electronic control unit 50 may control inverter 42,
adjust driving current supplied to motors and adjust the
current received from motors 12 during regenerative coast-
ing and breaking. As a more particular example, output
torque of the motor 12 can be increased or decreased by
electronic control unit 50 through the inverter 42.

[0030] A torque converter 16 can be included to control
the application of power from engine 14 and motors 12 to
transmission 18. Clutch 15 can be included to engage and
disengage engine 14 from the drivetrain of the vehicle. In the
illustrated example, a crankshaft 32, which is an output
member of engine 14, may be selectively coupled to the
motors 12 and torque converter 16 via clutch 15.

[0031] As alluded to above, vehicle 10 may include an
electronic control unit 50. Electronic control unit 50 may
include circuitry to control various aspects of the vehicle
operation. Electronic control unit 50 may include, for
example, a microcomputer that includes one or more pro-
cessing units (e.g., microprocessors), memory storage (e.g.,
RAM, ROM, etc.), and I/O devices. The processing units of
electronic control unit 50, execute instructions stored in
memory to control one or more electrical systems or sub-
systems in the vehicle. Electronic control unit 50 can include
a plurality of electronic control units such as, for example,
an electronic engine control module, a powertrain control
module, a transmission control module, a suspension control
module, a body control module, and so on. As a further
example, electronic control units can be included to control
systems and functions such as doors and door locking,
lighting, human-machine interfaces, cruise control, telemat-
ics, braking systems (e.g., ABS or ESC), battery manage-
ment systems, and so on. These various control units can be
implemented using two or more separate electronic control
units, or using a single electronic control unit.

[0032] In various embodiments, electronic control unit 50
may include or be communicatively coupled to an event
prediction module, such as event prediction module 900
depicted in FIG. 9. In some embodiments, the event predic-
tion module may interface with electronic control unit 50
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and/or one or more other in-vehicle components. In some
embodiments, electronic control unit 50 may be configured
control one or more in-vehicle components based on a
medical condition predicted or detected by event prediction
module. For example, electronic control unit 50 may be
configured to cause an alert to be communicated in response
to the prediction or detection of a cardiac event by event
prediction module. In some embodiments, electronic control
unit 50 may be configured to generate an alert and cause the
alert to be provided to a driver, a passenger, and/or the
authorities in response to the prediction or detection of a
cardiac event by event prediction module. For example,
electronic control unit 50 may be configured to automati-
cally cause an alert to be displayed via an in-vehicle display
of the vehicle. In some embodiments, an alert may be
provided to other individuals on or near the roadway via the
activation of emergency lights on the vehicle. In some
embodiments, electronic control unit 50 may be configured
to automatically slow the vehicle in response to the predic-
tion or detection of a cardiac event by event prediction
module.

[0033] In the example illustrated in FIG. 1, electronic
control unit 50 receives information from a plurality of
sensors included in vehicle 10. For example, electronic
control unit 50 may receive signals that indicate vehicle
operating conditions or characteristics, signals that can be
used to derive vehicle operating conditions or characteris-
tics, signals that indicate a medical condition of a driver
and/or passenger(s) of vehicle 10 (i.e., one or more bio-
medical signals), and/or one or more other signals. These
may include, but are not limited to accelerator operation
amount, A, a revolution speed, N, of ICE 14 (engine
RPM), a rotational speed, N, of the motor 12 (motor
rotational speed), and vehicle speed, N,. These may also
include torque converter 16 output, N (e.g., output amps
indicative of motor output), brake operation amount, B,
battery SOC (i.e., the charged amount for battery 44 detected
by an SOC sensor). Accordingly, vehicle 10 can include a
plurality of sensors 52 that can be used to detect various
conditions internal or external to the vehicle and provide
sensed conditions to engine control unit 50 (which, again,
may be implemented as one or a plurality of individual
control circuits). In one embodiment, sensors 52 may be
included to detect one or more conditions directly or indi-
rectly such as, for example, fuel efficiency, E., motor
efficiency, E, 5, hybrid (ICE 14+motor 12) efficiency, etc.

[0034] In some embodiments, one or more of the sensors
52 may include their own processing capability to compute
the results for additional information that can be provided to
electronic control unit 50. In other embodiments, one or
more sensors may be data-gathering-only sensors that pro-
vide only raw data to electronic control unit 50. In further
embodiments, hybrid sensors may be included that provide
a combination of raw data and processed data to electronic
control unit 50. Sensor 52 may provide an analog output or
a digital output.

[0035] Additional sensors 52 may be included to detect
vehicle conditions as well as to detect external conditions.
Sensors that might be used to detect external conditions can
include, for example, sonar, radar, lidar or other vehicle
proximity sensors, and cameras or other image sensors.
Cameras, or image capture devices can be used to detect, for
example, road conditions in the region in front and all
around the vehicle and so on. Still other sensors may include
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those that can detect road grade. While some sensors can be
used to actively detect passive environmental objects, other
sensors can be included and used to detect active objects
such as those objects used to implement smart roadways that
may actively transmit and/or receive data or other informa-
tion.

[0036] In various implementations, one or more sensors
configured to monitor a biomedical signal of a driver and/or
passenger(s) of vehicle 10 may be incorporated into vehicle
10. For example, a sensor configured to monitor a biomedi-
cal signal (e.g., an ECG signal) may be incorporated into a
steering wheel, a seat, and/or other components in contact
with or within a proximity of the driver and/or passenger(s).
Biomedical signals obtained via one or more sensors incor-
porated into vehicle 10 may be provided to the event
prediction module.

[0037] Event prediction module may be configured to
predict and/or detect one or more medical conditions based
on obtained biomedical signals. In various embodiments,
event prediction module may be configured to utilize a
machine learning algorithm to predict and/or detect one or
more medical conditions based on obtained biomedical
signals. The event prediction module may be configured to
obtain training data comprising a plurality of biomedical
signals (“training signals™). The event prediction module
may be configured to extract pre-event signals from the
training data that span a predetermined time interval before
a particular cardiac event. The event prediction module may
be configured to analyze the training data to compute
conditional probability vectors. The event prediction module
may be configured to apply the pre-event signals to a
Markov chain algorithm to train the machine learning algo-
rithm based on the sequence of probability vectors obtained
by analyzing the training signals, resulting in trained
Markov transition matrices. The event prediction module
may be configured to apply the trained Markov transition
matrices to a signal obtained from an individual in real-time
to automatically predict an upcoming cardiac event for the
individual. In some embodiments, the training signals and
signals obtained in real-time may be pre-processed to
remove noisy signals and/or enhance the signal ultimately
utilized.

[0038] Insome embodiments, the event prediction module
may be configured to predict and/or detect one or more
medical conditions based on a single biomedical signal or
multiple biomedical signals simultaneously. For example,
the event prediction module may be configured to predict
and/or detect one or more medical conditions based on ECG
signals and/or photoplethysmogram (PPG) signals simulta-
neously. In various embodiments, the event prediction mod-
ule described herein may be the same or similar to event
prediction module 900 depicted in FIG. 9.

[0039] Invarious exemplary embodiments, the biomedical
signals may comprise electrocardiogram (ECG) signals, and
the ECG signals may be utilized by event prediction module
to predict and/or detect one or more cardiac events, such as
an episode of Atrial Fibrillation (AFib). This is a non-
limiting example, and the features of the systems and
methods described herein may utilize one or more other
types of biomedical signals to detect other medical condi-
tions.

[0040] In an exemplary embodiment, event prediction
module may be configured to train a Markov model and
associated classifications by encoding a biomedical signal
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(e.g., an ECG signal) as word distributions. For example, a
finite alphabet “X” may be used, in which “Z*” is the set of
all words in the alphabet “Z”, including the empty word “E”.
The length of a word “(QEX*" is denoted by “l(w)”. If
“Z={a,, @, . ..0,}" is an alphabet, then a word distribution
of length “n” is a “dxn” matrix “Q”. For example, a random
word “w=w,w, . .. w,” of length “n” has probability
distribution “Q” if the letters “w,, w,. . . . , ®,” are
independent of each other, and “Q, =P(w=a,” is the prob-
ability that the “j-th” letter of the word “w” is the letter “a,”.
For a given word “w«” of length “# >, the probability
“P(w=u)” that “w” is equal to “u =8, ... 8" is equal to
“IL,_" Ql.j 7

[0041] In an exemplary embodiment, the Markov model
utilized by event prediction module may comprise Markov
Model “M”. Markov Model “M” is a set “S” of states, an
alphabet “Z”, together with a transition function “T:SE—S”
and a probability function “P: Sx2—[0,1]”. If in state
“s&S”, then with probability “P(s, a)”, the model will
transition to the state “T(s, a)” and produce the letter “a” as
output. An initial state “u=S” may be specified. For a word
“w”, “M(w)” may be the state of the automaton if beginning
in the initial state and the output of the output is the word
“w”. Accordingly, “M(e)=|" and

Mwwy. . w)=T(M(wwsy. .. Wi )W),

[0042] The Markov Model can be thought of as a random
word generator. The probability that Markov model “M”
produces the output “w” after “n=l(w)” steps starting at the
initial state will be denoted by “P(wIM)”. The alphabet may
be represented by “=={a,, a,, . . ., a;}”. The set of states
may be represented by “S={s,=€, s,, . . ., s,}”. The
fanctions “P” and ““T” may be represented by “mxd” matri-
ces “P” and “T” so that “P,=P(s,, a,)” for all “i” and “j”, and
“T, =K if “I(s, a,=s,” for all “i,,k".

[0043] In various embodiments, the event prediction mod-
ule may be configured to obtain training data comprising a
plurality of biomedical signals (“training signals”). In some
embodiments, the event prediction module may be config-
ured to obtain training data from a database associated with
a particular biomedical signal. In an exemplary embodiment
in which the biomedical signal comprises an ECG signal, the
training data may be obtained from the Physionet/CinC 2017
database, and/or one or more other databases that store ECG
signals. In some embodiments, signals obtained from indi-
viduals in real-time may be stored and later used to train a
machine learning algorithm to predict and/or detect one or
more medical conditions. For example, signals obtained
from individuals in real-time may be stored as training data
in main memory (e.g., main memory 808) and/or one or
more storage devices (e.g., storage devices 810).

[0044] In various embodiments, the event prediction mod-
ule may be configured to train a model used to predict and/or
detect a cardiac event. Referring to FIG. 2, an operational
flow diagram is depicted illustrating an example workflow
200 for training the model used to predict and/or detect one
or more medical conditions, in accordance with various
embodiments. In various implementations, the event predic-
tion module may be configured to predict and/or detect
several types of cardiac events, which may be denoted CE |,

CE,, . . ., CE,. For example, CE, may comprise atrial
fibrillation, CE, may comprise ventricular tachycardia, and
CE,, . .., CE, may comprise one or more other types of

cardiac events. The event prediction module may be con-
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figured to obtain training data (e.g., training ECGs). The
obtained training data may be used to train the model. For
example, the training data may comprise one or more
biomedical signals from healthy individuals and one or more
biomedical signals from unhealthy individuals (e.g., ECGs
related to CE,, CE,, . . ., CE)). In various embodiments,
biomedical signals from multiple healthy individuals and
multiple unhealthy individuals may be utilized as training
data simultaneously. In an exemplary embodiment (as
depicted in FIG. 2), the training data may comprise one or
more training ECG signals. In various embodiments, the
features described herein to train the model used to predict
and/or detect one or more medical conditions may be
performed by training component 902 of event prediction
module 900 depicted in FIG. 9.

[0045] Referring back to FIG. 2, the event prediction
module may be configured to extract windows that precede
a future cardiac event (CE) and windows that do not contain
or precede cardiac events. In an exemplary embodiment, the
event prediction module may be configured to extract win-
dows that are indicative of future AFib episodes (Pre-AFib
ECGs) and windows that are normal (Normal ECGs). In
some embodiments, the event prediction module may be
configured to extract pre-event signals from the training data
that span a predetermined time interval before a particular
cardiac event. For example, an ECG signal more than a
predetermined time interval (e.g., 2 minutes) prior to a
cardiac event may not provide any indication of the oncom-
ing cardiac event. As such, the ECG signal more than the
predetermined time interval prior to the cardiac event may
not be relevant training data. In various embodiments, the
event prediction module may be configured to extract only
the signals from the training data that span the predeter-
mined time interval before a particular cardiac event and
signals for a window that are normal that is of the same
length as the predetermined time interval. Referring to FIG.
2, the event prediction module may be configured to predict
and/or detect two cardiac events (i.e., where r=2). In the
embodiment of FIG. 2, the event prediction module may be
configured to extract from signals related to CE; a prede-
termined time interval prior to the cardiac event CE, (de-
noted CE,ECGs), extract from signals related to CE, the
predetermined time interval prior to the cardiac event CE,
(denoted CE,ECGs), and extract from healthy signals the
predetermined time interval (denoted Normal ECGs). In
various implementations, event prediction module may be
configured to encode extracted signals (e.g., CE,ECGs,
CE,ECGs, and Normal ECGs) into word distributions.
Encoded signals related to future cardiac event (CE) (i.e.,
CE,, CE,, ..., CE) are utilized 10 create Markov models
for the cardiac events. For example, event prediction module
may be configured to utilize the encoded CE,ECGs to create
a Markov model “M,”, and utilize the encoded CE,ECGs
to create a Markov model “M, . The event prediction
module may be configured to utilize the encoded Normal
ECGs to create a Markov model “M,”. In some embodi-
ments, the encoded ECGs are utilized to create Markov
models as described in example workflow 500 for creating
a Markov chain algorithm depicted in FIG. 5.

[0046] In various embodiments, event prediction module
may be configured to classify normal medical conditions
(i.e,, corresponding to a healthy individual) based on a
Markov model created utilizing normal ECGs (e.g., “M,,”)
and classify non-normal medical conditions (i.e., corre-
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sponding to an unhealthy individual) based on the Markov
models created utilizing ECG windows that precede a future
cardiac event (CE) (e.g., “M g, and “M,”). For example,
a non-normal medical condition may comprise a Pre-AFib
state that is classified based on one or more obtained
biomedical signals comprising at least an ECG signal.
Referring to FIG. 3, an operational flow diagram is depicted
illustrating an example workflow 300 for classifying con-
ditions based on one or more biomedical signals, in accor-
dance with various embodiments. The biomedical signal
may be obtained as described herein and stored as test data
in main memory (e.g., main memory 808) and/or one or
more storage devices (e.g., storage devices 810). For
example, the biomedical signal may comprise an ECG
signal. The signal may be encoded into a word distribution
“Q”, as described further herein. In various embodiments,
the event prediction module may be configured to analyze
the training data to compute conditional probability vectors.
For example, based on the Markov models “M¢;” and
“M,” for the pre-cardiac event case and the Markov model
“M,,” for the Normal case obtained during the training phase
described above, event prediction module may be config-
ured to compute conditional probabilities that the ECG
signal represents a pre-cardiac event state (which may be
denoted “CE,, CE,, .. ., CE,”) or a “Normal” state. For
example, event prediction module may be configured to
compute:

P(Q‘MCEI-):E(P(Z"MCEX-):):EP(W:”‘MCEX-)P(”)’

wherein “P(QIM.z ). is the expected probability that the
Markov model “Mc:z” produced the random word “w” (with
probability distribution “Q”). Similarly, event prediction
module may be configured to compute the expected prob-
ability “P(QIM,,)” that the Markov model “M,,” produced
the random word “w” with distribution “Q”. If “P(QIM,,)” is
greater than “P(QIM)”, the event prediction module is
configured to classify the ECG as “Normal”. If “P(QIM )
is the largest among 1

P(QIM,),P(QMcz) P(QMcgy), - - - PQIMcz)

the event prediction module is configured to classify the
ECG as having CE,. Thus, in the exemplary embodiment
depicted in FIG. 3, wherein CE, comprises AFib and CE,
comprises ventricular tachycardia, event prediction module
may be configured to classify a biomedical signal input in
workflow 300 as CE, if “P(QIM¢g )" is the latgest among
P(QIM,), P(QIM ), P(QIM ). and classify the biomedi-
cal signal input in wotkflow 300 as CE, if “P(QIM )" is
the largest among P(QIM,), P(QIMcz), P(QM(4z,). In
various embodiments, the features described herein to clas-
sify conditions based on one or more biomedical signals to
further train the machine learning algorithm may be per-
formed by classification component 904 of event prediction
module 900 depicted in FIG. 9.

[0047] To calculate conditional probability “P(QIM)”, the
Markov model may be represented by “M=(P, T)”, where
“P” is the “mxd” probability matrix, “T” is the “mxd”
transition matrix, and “Q” is a word distribution. For “k=1,2,
..., d”, event prediction module creates a (sparse) matrix
“A®” of size “mxm” such that “Ai,k("):Pi 5 when “T, =k’

and all other entries are 0. Suppose that “u=u,u, ... u,” is
a random word with word distribution “Q”. Let

ViV Ve - - Vk,m)e]R ”
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be the probability distribution over all m states of the
Markov after reading the word u, . . . u,. This is expressed
in the formula

Vi mEPW. . owpmug g, My wssy).

[0048] The initial state is v,=(1,0, . . . ,0), and for k>0 we
have the recurrence

ijvk—l(QIJrA(l)+Q2,kA(2)+- - +QdJrA(J))-

[0049] As a result,
P(OIM)=E(P(uM))=SE(P(w=ulM(w)=5))=Z, ;
[0050] In the foregoing implementation, P(QIM) may be

extremely small, possibly leading to rounding errors. As a
result, log P(QIM) may instead be computed. In some
implementations, v, J:e“’zk , Where 27, =1 and Az, ; may
be computed inductively, resulting in log P(QIM)=A,,.
[0051] In various embodiments, event prediction module
may be configured to pre-process a biomedical signal that is
used to predict and/or detect a medical condition (or train a
model used to predict and/or detect a medical condition). For
example, event prediction module may be configured to
pre-process an ECG signal used predict and/or detect a
cardiac event. In various embodiments, biomedical signals
may be encoded into distributions of binary words. In some
embodiments, biomedical signals may be encoded into
distributions comprising larger alphabets. The word distri-
butions for a signal may be based on patterns identified
within the signal. Unlike conventional systems which rely
on recognized peaks associated with a signal (e.g., R-peak in
an ECG signal), the systems and methods described herein
do not rely on peak detection to analyze a signal. The
systems and methods described herein instead identify cer-
tain forms in a signal and the frequency with which the form
appears to identify patterns. The identified patterns are
assigned letters (i.e., encoded into distributions of words,
such as distribution “Q”). In various embodiments, identi-
fied patterns may be encoded as letters, numbers, and/or
other identifiers. Based on the known morphology of a
signal, the Markov model is able to identify states in the
signal based on the distribution of words in the signal. For
example, the Markov model may consider domain knowl-
edge associated with one or more medical conditions and
biomedical signals to identify states associated with a par-
ticular pattern. For example, based on the temporal relation-
ship between multiple patterns in a ECG signal, the Markov
model may be configured to determine that a first pattern
assigned the arbitrary letter “x” is an R-peak and that a
second pattern assigned the arbitrary letter “y” is peaked
P-wave. As such, the systems and methods described herein
do not rely on peak detection, but instead are able to analyze
a signal based on the patterns identified therein.

[0052] Referring to FIG. 4A, an operational flow diagram
is depicted illustrating an example workflow 400 for pre-
processing a biomedical signal, in accordance with various
embodiments. In an exemplary embodiment, an ECG signal
may be represented by “f{(t)” where “t” is time in seconds,
“O<t<t,” and “t,” is the length of the ECG recording. In
some embodiments, the ECG signal—“f{t)” may be consid-
ered a continuous signal, but in some implementations it will
be discrete with a large frequency (typically 2200 Hz). In an
exemplary embodiment in which the biomedical signal
comprises an ECG signal, pre-processing may comprise
baseline removal, applying one or more morphological
filters (e.g., peak filtering, and/or one or more other mor-
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phological filters). normalization, soft thresholding, discreti-
zation, encoding the signal as a word distribution, and/or one
or more other pre-processing functions. In some embodi-
ments, the event prediction module may be configured to
perform the one or more pre-processing steps to enhance the
R-peaks of the ECG signal. FIG. 4B illustrates an example
of a biomedical signal at different stages of filtering and
encoding, in accordance with various embodiments. In an
exemplary embodiment, the original noisy signal (“f{(t)”) is
represented by the original noisy signal (Signal 1) depicted
in FIG. 4B.

[0053] Referring back to FIG. 4A, the event prediction
module may be configured to compute the moving average
of the original signal and subtract the moving average from
the original signal. For example, event prediction module
may be configured to compute:

1 prels
Jar(0) = mﬁ_l; fls)ds,

wherein f,, (t) is the average value off (s) on the interval
[t-0.15, t+0.15]. This value is used in the baseline removal
step of signal pre-processing. Baseline removal comprises
replacing “f(t)” with “f(t)-f, (t)”, which removes baseline
drift and waves of low frequency, capturing the high fre-
quency peaks of greater significance. In an exemplary
embodiment, the signal after the baseline removal step is
represented by Signal 2 depicted in FIG. 4B.

[0054] Referring back to FIG. 4A, the event prediction
module is configured to apply one or more morphological
filters to the signal. For example, event prediction module
may comprise applying a non-linear filter to the signal
and/or one or more other morphological filters. A non-linear
filter may remove non-important noise and other variations
from the signal. For example, applying a non-linear filter to
the signal may comprise peak filtering the signal. An
example of a non-linear morphological filter that can be used
to detect/predict AFib is given by the following formula:

Sear(@mmax{0 A7) -max{f{t-0.05)Ar+0.05)} }.

[0055] The function “f,.,(1)" is nonnegative and it is
positive if and only if “f{t)>f(t-0.05)" and “f(t)>f(t+0.05)".
In other words, the function “f,,.(t)” filters out narrow
peaks of width 0.1. In an exemplary embodiment in which
the biomedical signal comprises an ECG signal, this filter is
sensitive to R-waves, but less sensitive to T-waves and
P-waves. In analyzing ECG signals for AFib, narrow
R-peaks are more significant than T-waves. Thus, applying
a non-linear filter will enhance the R-peaks, suppress the
other peaks or waves (e.g., T-waves and P-waves) and
remove negative peaks. Peak filtering comprises replacing
“f(t)y” with “f,,,(1)". In an exemplary embodiment, the
signal after the peak filter (“f,,..(1)") is represented by
Signal 3 depicted in FIG. 4B. Note that the signal after the
peak filter is applied is non-negative.

[0056] Referring back to FIG. 4A, the event prediction
module may be configured to sample the biomedical signal
down to a discrete signal. For example, the event prediction
module may be configured to sample the biomedical signal
down to a discrete signal “x,, X, . . ., X, of 20 Hz, where
“n=[t,/20]” and

5emax{f(H10.05-(k-1)s1=0.05k}.
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[0057] The discrete signal “x,” is represents the signal
after discretization. In an exemplary embodiment, the signal
after discretization (“x,”) is represented by Signal 4 depicted
in FIG. 4B.

[0058] In various embodiments, the event prediction mod-
ule may be configured to normalize the signal. In an exem-
plary embodiment, event prediction module may be config-
ured to normalize the signal by dividing by the maximum
over a 2 s interval. Event prediction module may be con-
figured to replace “x,” by “x/max{x; »0, X105 - - -
X;,00)" After this step, ‘0=x,<1” for all “k”. The resultlng
signal will have positive peaks and a maximum absolute
magnitude equal to 1—thus the signal is normalized to a
scale 0 to 1. In an exemplary embodiment in which the
biomedical signal comprises an ECG signal, if “x,” is close
to 1, it likely represents an R-peak or a similar feature
contained within the original ECG signal. If “x,” is close to
0, it likely does not represent a peak. In an exemplary
embodiment, the normalized signal is represented by Signal
5 depicted in FIG. 4B.

[0059] In some embodiments, event prediction module
may be configured to renormalize a signal. For example, a
sequence may be renormalized according to a local relative
magnitude.

[0060] In various embodiments, the event prediction mod-
ule may be configured to apply a soft thresholding function
to the signal. For example, event prediction module may be
configured to apply a soft thresholding function to the
normalized signal. In an exemplary embodiment, event
prediction module may be configured to apply a soft thresh-
olding function to the signal by replacing “x,” with “¢(x,)”
where “¢: [0,1]—=[0,1]” is the function:

1 ifxz.8
Plx)=45x-3 if 6=x=.8
0 if x < 6.

[0061] Inanexemplary embodiment, the signal after a soft
thresholding function is applied may be represented by
Signal 6 depicted in FIG. 4B.

[0062] Referring back to FIG. 4A (and as previously
described), a pre-processed biomedical signal (e.g., an ECG
signal) may be encoded into a word distribution “Q”. In
some embodiments, the pre-processed biomedical signal
may be converted to an uncertain binary string before being
encoded into a word distribution “Q”. In various embodi-
ments, the techniques described herein to pre-process a
biomedical signal (including baseline removal, peak filter-
ing, discretization, normalization, soft thresholding, and/or
other pre-processing functions) may be performed by pre-
processing component 906 of event prediction module 900
depicted in FIG. 9.

[0063] In various embodiments, event prediction module
may be configured to create a Markov chain algorithm.
Referring to FIG. 5, an operational flow diagram is depicted
illustrating an example workflow 500 for creating a Markov
chain algorithm, in accordance with various embodiments.
In various embodiments, a parameter “C” and the word
distribution “Q” may be input. Fach of the words with
expected an expected frequency greater than “C” are
selected as states. Based on the words selected as states and
the computed conditional probability vectors, a probability

Jan. 23,2020

matrix “P” and a transition matrix “T” are created. The
Markov Model “M=(P,T)” is the resulting output. In various
embodiments, the features described herein to classify con-
ditions based on one or more biomedical signals may be
performed by Markov chain component 908 of event pre-
diction module 900 depicted in FIG. 9.

[0064] For a word “u” and a random word “w”, “y(u)
may be the expected number of times that “u” appears as a
sub-word of “w”. The states of the Markov model are the
words “u” for which “y(u)=C”. The states are identified by
depth-first search in the tree of all words. For example, FIG.
6 illustrates an example of a relational map between words
(i.e., a “tree of words”™) that is searched to create a Markov
chain algorithm, in accordance with various embodiments.
In FIG. 6, the more lightly depicted words (e.g., e, a, b, aa,
ab, ba, aba, and bab) appear at least “C” times and are the
states, and the grayed out words (e.g., ba, aaa, aab, abb, baa,
abaa, abab, baba, and babb) appear <“C” times. In this
example there will be 8 states. FIG. 7 illustrates the Markov
mode] obtained from the relational map between words
illustrated in FIG. 6. The transition “T(a, aba)” is the largest
suffix of “abaa” that is a state. Since “abaa” and “aba” are
not states, we get “T(a, aba)=aa”.

33

[0065] The function “P” is defined by:
(ua;)
T
[0066] This number is a conditional property, that, after

[Tant) 6, %

u” is read as a sub-word of “w” that the next letter is “a,
The number “1-X,_,“P (u, a,)” is the probability that there is
no next letter (i.e., the probability that a randomly chosen
appearance of “u” as a sub-word “w” the suffix of “w”. The
largest suffix of ua, that is still a state in “S” is defined as
“T(u, a,)”.

[0067] In various embodiments, the event prediction mod-
ule may be configured to obtain a signal from an individual
in real-time. In some implementations, the signal may be
obtained from one or more sensors in an in-vehicle envi-
ronment. For example, the signal may be obtained from one
or more sensors incorporated into a vehicle (e.g., vehicle 10)
that are configured to monitor a biomedical signal of a driver
and/or passenger(s) of the vehicle. In some implementations,
the signal may be obtained from a portable device. For
example, the signal may be obtained from a wearable device
affixed to the individual for which the biomedical signal
relates. In some embodiments, the signal may be obtained
from medical equipment designed to obtain the signal inside
or outside of the hospital environment.

[0068] In various embodiments, the event prediction mod-
ule may be configured to apply the trained Markov transition
matrices to the signal obtained from an individual in real-
time to automatically predict an upcoming cardiac event for
the individual. In some embodiments, the obtained signal
may be encoded as described in example workflow 300 for
classifying conditions based on one or more biomedical
signals, in accordance with various embodiments. The signal
obtained in real-time from an individual may be encoded
into a word distribution “Q”, as described further herein. In
various embodiments, the event prediction module may be
configured to compute conditional probability vectors for
the signal. For example, event prediction module may be
configured to compute conditional probabilities that the
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obtained ECG signal represents one of the pre-cardiac event
states “CE,, . .., CE,” or a normal state “n”. For example,
event prediction module may be configured to compute:

P (Q‘MCE,-):E(P (”‘MCE;)):EP(W:”‘A[CE;)P (1),

wherein “P(QIM)” is the expected probability that the
Markov model “M,.,,” produced the random word “w” (with
probability distribution “Q”). Similarly, event prediction
module may be configured to compute the expected prob-
ability “P(QIM,,)” that the Markov model “M,” produced
the random word “w” with distribution “Q”. If “P(QIM )"
is greatest among “P(QIM,)), P(QIMz), . . ., P(QIMCEj”,
the ECG is classified as “pre-cardiac event CE,”. If
“P(QIM,,)” is greatest among “P(QIM,), P(QIMcg), . . .,
P(QIMz)” the ECG 1s classified as “Normal”. In various
embodiments, the features described herein to classify con-
ditions on signals obtained from individuals in real-time
based on one or more biomedical signals may be performed
by results component 910 of event prediction module 900
depicted in FIG. 9.

[0069] Various features described herein are described as
being performed by one or more hardware processors con-
figured by machine-readable, computer program instruc-
tions. Executing the instructions may cause the one or more
processors to predict and/or detect medical conditions (e.g.,
a cardiac event) in real-time based on obtained biomedical
signals. In some embodiments, some or all of the features
described herein may be performed by a controller of a
computing system. In some embodiments, some or all of the
features described herein may be performed by one or more
other processors that are configured to execute the features
described herein by machine-readable instructions.

[0070] FIG. 7 is an example of a method 700 for predict-
ing and/or detecting cardiac events, in accordance with
various embodiments. The operations of method 700 pre-
sented below are intended to be illustrative and, as such,
should not be viewed as limiting. In some implementations,
method 700 may be accomplished with one or more addi-
tional operations not described, and/or without one or more
of the operations discussed. In some implementations, two
or more of the operations may occur substantially simulta-
neously. The described operations may be accomplished
using some or all of the system components described in
detail above.

[0071] In some embodiments, method 700 may be imple-
mented in one or more processing devices (e.g., a digital
processor, an analog processor, a digital circuit designed to
process information, a central processing unit, a graphics
processing unit, a controller, a microcontroller, an analog
circuit designed to process information, a state machine,
and/or other mechanisms for electronically processing infor-
mation). The one or more processing devices may include
one or more devices executing some or all of the operations
of method 700 in response to instructions stored electroni-
cally on one or more electronic storage mediums. The one or
more processing devices may include one or more devices
configured through hardware, firmware, and/or software to
be specifically designed for execution of one or more of the
operations of method 700.

[0072] In an operation 702, method 700 may include
obtaining training data comprising multiple biomedical sig-
nals related to a particular medical condition. In various
embodiments, the biomedical signals may comprise ECG
signals. In some embodiments, training data may be
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obtained from a database associated with a particular bio-
medical signal. In an exemplary embodiment in which the
biomedical signal comprises an ECG signal, the training
data may be obtained from the Physionet/CinC 2017 data-
base, and/or one or more other databases that store ECG
signals. In some embodiments, signals obtained from indi-
viduals in real-time may be stored and later used to train a
machine learning algorithm to predict and/or detect one or
more medical conditions. In some implementations, opera-
tion 702 may be performed by a processor component the
same as or similar to training component 902 (shown in FIG.
9 and described herein).

[0073] In an operation 704, method 700 may include
preprocessing the training signals and signals obtained for
an individual in real-time. In various embodiments, the
signals obtained may comprise ECG signals. In various
embodiments, pre-processing the training signals and the
signals obtained for an individual in real-time may comprise
baseline removal, peak filtering, discretization, normaliza-
tion, soft thresholding, and/or other pre-processing func-
tions. In some embodiments, pre-processing the signals may
comprise removing baseline drift and waves of low fre-
quency by subtracting the moving average from each signal.
In some embodiments, pre-processing signals the may com-
prise applying a non-linear filter to remove variations in
each signal, wherein variations in the signal include noise. In
some embodiments, pre-processing the signals may com-
prise sampling each signal to a discrete signal. In some
embodiments, pre-processing the signals may comprise nor-
malizing each signal between a first value and a second
value (e.g., 0 and 1). In some embodiments, pre-processing
the signals may comprise applying the soft thresholding
function to the signal. In some embodiments, pre-processing
the signals may comprise renormalizing the signal according
to a local relative magnitude. In some embodiments, pre-
processing the training signals may comprise extracting
from each signal a pre-event signal that spans a predeter-
mined time interval before the cardiac event, wherein the
pre-event training signals are applied to the Markov chain
algorithm to train a machine learning algorithm. In some
embodiments, pre-processing the signals may comprise
identifying patterns within the signal and assigning identi-
fiers to each pattern identified. In some implementations,
operation 704 may be performed by a processor component
the same as or similar to pre-processing component 906
(shown in FIG. 9 and described herein).

[0074] In an operation 706, method 700 may include
analyzing the training signals to obtain a sequence of
probability vectors. For example, based on the Markov
model “M,..” for the Pre-Cardiac Event cases CE,, ..., CE,
and the Markov model “M,” for the Normal case obtained
during the training phase, conditional probabilities may be
computed indicating whether a signal comprising certain
patterns represents one of the “Pre-Cardiac Event” states or
a “Normal” state. In some implementations, operation 706
may be performed by a processor component the same as or
similar to classification component 904 or Markov chain
component 908 (shown in FIG. 9 and described herein).

[0075] In an operation 708, method 700 may include
generating trained Markov transition matrices based on the
sequence of probability vectors and application of the pre-
processed training signals to a Markov chain algorithm. In
various embodiments, training signals may be applied to a
Markov chain prediction algorithm to train a machine learn-
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ing algorithm using the sequence of probability vectors
obtained by analyzing the ECG training signals, resulting in
trained Markov transition matrices. In some implementa-
tions, operation 708 may be performed by a processor
component the same as or similar to Markov chain compo-
nent 908 (shown in FIG. 9 and described herein).

[0076] In an operation 710, method 700 may include
applying the trained Markov transition matrices to a bio-
medical signal of an individual to predict the occurrence of
a particular cardiac event. In various embodiments, an alert
may be generated and communicated when a cardiac event
has been predicted or detected. In some implementations,
operation 708 may be performed by a processor component
the same as or similar to Markov chain component 908
(shown in FIG. 9 and described herein).

[0077] As used herein, a module might be implemented
utilizing any form of hardware, software, or a combination
thereof. For example, one or more processors, controllers,
ASICs, PLAs, PALs, CPLDs, FPGAs, logical components,
software routines or other mechanisms might be imple-
mented to make up a module. In implementation, the various
modules described herein might be implemented as discrete
circuits or the functions and features described can be shared
in part or in total among one or more circuits. In other words,
as would be apparent to one of ordinary skill in the art after
reading this description, the various features and function-
ality described herein may be implemented in any given
application and can be implemented in one or more separate
or shared circuits in various combinations and permutations.
Even though various features or elements of functionality
may be individually described or claimed as separate cir-
cuits, one of ordinary skill in the art will understand that
these features and functionality can be shared among one or
more common circuits, and such description shall not
require or imply that separate circuits are required to imple-
ment such features or functionality.

[0078] Where modules are implemented in whole or in
part using software, in one embodiment, these software
elements can be implemented to operate with a computing or
processing system capable of carrying out the functionality
described with respect thereto. One such example comput-
ing system is shown in FIG. 8. Various embodiments are
described in terms of this example-computing system 800.
After reading this description, it will become apparent to a
person skilled in the relevant art how to implement the
technology using other computing systems or architectures.
[0079] Referring now to FIG. 8, computing system 800
may represent computing or processing capabilities within a
large-scale system comprising a plurality of hardware com-
ponents of various types that may communicate within and
across partitions. Computing system 800 may also represent,
for example, computing or processing capabilities found
within mainframes, supercomputers, workstations or serv-
ers; or any other type or group of special-purpose or general-
purpose computing devices as may be desirable or appro-
priate for a given application or environment. Computing
system 800 might also represent computing capabilities
embedded within or otherwise available to a given device.
[0080] Computing system 800 might include, for example,
one or more processors, controllers, control modules, or
other processing devices, such as a processor 804. Processor
804 might be implemented using a general-purpose or
special-purpose processing engine such as, for example, a
microprocessor (whether single-, dual- or multi-core pro-
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cessor), signal processor, graphics processor (e.g., GPU)
controller, or other control logic. In the illustrated example,
processor 804 is connected to a bus 802, although any
communication medium can be used to facilitate interaction
with other components of computing system 800 or to
communicate externally.

[0081] Computing system 800 might also include one or
more memory modules, simply referred to herein as main
memory 808. For example, in some embodiments random
access memory (RAM) or other dynamic memory, might be
used for storing information and instructions to be executed
by processor 804. Main memory 808 might also be used for
storing temporary variables or other intermediate informa-
tion during execution of instructions to be executed by
processor 804. Computing system 800 might likewise
include a read only memory (“ROM”) or other static storage
device coupled to bus 802 for storing static information and
instructions for processor §04.

[0082] The computing system 800 might also include one
or more various forms of information storage mechanism
810, which might include, for example, a media drive 812
and a storage unit interface 820. The media drive 812 might
include a drive or other mechanism to support fixed or
removable storage media 814. For example, a hard disk
drive, a floppy disk drive, a magnetic tape drive, an optical
disk drive, a CD or DVD drive (R or RW), a flash drive, or
other removable or fixed media drive might be provided.
Accordingly, storage media 814 might include, for example,
a hard disk, a floppy disk, magnetic tape, cartridge, optical
disk, a CD or DVD, or other fixed or removable medium that
is read by, written to or accessed by media drive 812. As
these examples illustrate, the storage media 814 can include
a computer usable storage medium having stored therein
computer software or data.

[0083] In alternative embodiments, information storage
mechanism 810 might include other similar instrumentali-
ties for allowing computer programs or other instructions or
data to be loaded into computing system 800. Such instru-
mentalities might include, for example, a fixed or removable
storage unit 822 and an interface 820. Examples of such
storage units 822 and interfaces 820 can include a program
cartridge and cartridge interface, a removable memory (for
example, a flash memory or other removable memory mod-
ule) and memory slot, a flash drive and associated slot (for
example, a USB drive), a PCMCIA slot and card, and other
fixed or removable storage units 822 and interfaces 820 that
allow software and data to be transferred from the storage
unit 822 to computing system 800.

[0084] Computing system 800 might also include a com-
munications interface 824. Communications interface 824
might be used to allow software and data to be transferred
between computing system 800 and external devices.
Examples of communications interface 824 might include a
modem or softmodem, a network interface (such as an
Ethernet, network interface card, WiMedia, IEEE 802.XX,
Bluetooth® or other interface), a communications port (such
as for example, a USB port, IR port, RS232 port, or other
port), or other communications interface. Software and data
transferred via communications interface 824 might typi-
cally be carried on signals, which can be electronic, elec-
tromagnetic (which includes optical) or other signals
capable of being exchanged by a given communications
interface 824. These signals might be provided to commu-
nications interface 824 via a channel 828. This channel 828
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might carry signals and might be implemented using a wired
or wireless communication medium. Some examples of a
channel might include a phone line, a cellular link, an RF
link, an optical link, a network interface, a local or wide area
network, and other wired or wireless communications chan-
nels.

[0085] In this document, the terms “computer program
medium” and “computer usable medium” are used to gen-
erally refer to media such as, for example, memory 8§08,
storage unit 820, media 814, and channel 828. These and
other various forms of computer program media or computer
usable media may be involved in carrying one or more
sequences of one or more instructions to a processing device
for execution. Such instructions embodied on the medium,
are generally referred to as “computer program code” or a
“computer program product” (which may be grouped in the
form of computer programs or other groupings). When
executed, such instructions might enable the computing
system 800 to perform features or functions of the disclosed
technology as discussed herein.

[0086] Referring now to FIG. 9, event prediction module
900 may be configured to predict and/or detect medical
conditions based on one or more obtained biomedical sig-
nals, in accordance with various embodiments and features
described herein. The various components of event predic-
tion module 900 depict various sets of functions that may be
implemented by computer program instructions of event
prediction module 900. Event prediction module 900 may be
configured to program electronic control unit 50 and/or
computer system 800 to predict and/or detect medical con-
ditions based on one or more obtained biomedical signals
using all or a portion of the components of event prediction
module 900 illustrated in FIG. 9.

[0087] Event prediction module 900 may include a train-
ing component 902, a classification component 904, a pre-
processing component 906, a Markov chain component 908,
a results component 910, and/or other components. One or
more of training component 902, classification component
904, pre-processing component 906, Markov chain compo-
nent 908, and results component 910 may be coupled to one
another or to components not shown in FIG. 9. Each of the
components of event prediction module 900 may comprise
various instructions that program a computer system (e.g.,
electronic control unit 50 and/or computer system 800) to
perform various operations, each of which are described in
greater detail herein. As used herein, for convenience, the
various instructions will be described as performing an
operation, when, in fact, the various instructions program
the processors (and therefore computer system) to perform
the operation.

[0088] While various embodiments of the disclosed tech-
nology have been described above, it should be understood
that they have been presented by way of example only, and
not of limitation. Likewise, the various diagrams may depict
an example architectural or other configuration for the
disclosed technology, which is done to aid in understanding
the features and functionality that can be included in the
disclosed technology. The disclosed technology is not
restricted to the illustrated example architectures or configu-
rations, but the desired features can be implemented using a
variety of alternative architectures and configurations.
Indeed, it will be apparent to one of skill in the art how
alternative functional, logical or physical partitioning and
configurations can be implemented to implement the desired
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features of the technology disclosed herein. Also, a multi-
tude of different constituent module names other than those
depicted herein can be applied to the various partitions.
Additionally, with regard to flow diagrams, operational
descriptions and method claims, the order in which the steps
are presented herein shall not mandate that various embodi-
ments be implemented to perform the recited functionality in
the same order unless the context dictates otherwise.
[0089] Although the disclosed technology is described
above in terms of various exemplary embodiments and
implementations, it should be understood that the various
features, aspects and functionality described in one or more
of the individual embodiments are not limited in their
applicability to the particular embodiment with which they
are described, but instead can be applied, alone or in various
combinations, to one or more of the other embodiments of
the disclosed technology, whether or not such embodiments
are described and whether or not such features are presented
as being a part of a described embodiment. Thus, the breadth
and scope of the technology disclosed herein should not be
limited by any of the above-described exemplary embodi-
ments.

[0090] Terms and phrases used in this document, and
variations thereof, unless otherwise expressly stated, should
be construed as open ended as opposed to limiting. As
examples of the foregoing: the term “including” should be
read as meaning “including, without limitation” or the like;
the term “example” is used to provide exemplary instances
of the item in discussion, not an exhaustive or limiting list
thereof; the terms “a” or “an” should be read as meaning “at
least one,” “one or more” or the like; and adjectives such as
“conventional,”  “traditional,” “normal,” “standard,”
“known” and terms of similar meaning should not be
construed as limiting the item described to a given time
period or to an item available as of a given time, but instead
should be read to encompass conventional, traditional, nor-
mal, or standard technologies that may be available or
known now or at any time in the future. Likewise, where this
document refers to technologies that would be apparent or
known to one of ordinary skill in the art, such technologies
encompass those apparent or known to the skilled artisan
now or at any time in the future.

[0091] The presence of broadening words and phrases
such as “one or more,” “at least,” “but not limited to” or
other like phrases in some instances shall not be read to
mean that the narrower case is intended or required in
instances where such broadening phrases may be absent.
The use of the term “module” does not imply that the
components or functionality described or claimed as part of
the module are all configured in a common package. Indeed,
any or all of the various components of a module, whether
control logic or other components, can be combined in a
single package or separately maintained and can further be
distributed in multiple groupings or packages or across
multiple locations.

[0092] Additionally, the various embodiments set forth
herein are described in terms of exemplary block diagrams,
flow charts and other illustrations. As will become apparent
to one of ordinary skill in the art after reading this document,
the illustrated embodiments and their various alternatives
can be implemented without confinement to the illustrated
examples. For example, block diagrams and their accompa-
nying description should not be construed as mandating a
particular architecture or configuration.
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What is claimed is:

1. A system for predicting a cardiac event, the system
comprising:

one or more sensors configured to monitor a biomedical

signal of an individual in real-time;
one or more physical processors programmed with com-
puter program instructions that, when executed by the
one or more physical processors, configure the system
to:
receive a trained machine learning (ML) model that
relates a first plurality of biomedical training signals
to a cardiac event and a second plurality of biomedi-
cal training signals when the cardiac event does not
occeur,
receive the biomedical signal of the individual, wherein
the biomedical signal is received by the one or more
sensors, and wherein the individual is a driver or a
passenger of a vehicle; and
determine a conditional probability of the cardiac event
by applying the biomedical signal of the individual
to the trained ML model.
2. The system of claim 1, further comprising:
when the conditional probability associated with the car-
diac event is the greatest among conditional probabili-
ties of the trained ML model, perform an action iden-
tifying the individual will likely experience the cardiac
event.
3. The system of claim 1, wherein the trained machine
learning (ML) model is a Markov model.
4. The system of claim 1, wherein the one or more
physical processors are communicatively coupled to an
electronic control unit of the vehicle.
5. The system of claim 1, wherein the sensors are affixed
to the individual while the individual is the driver or the
passenger of the vehicle.
6. The system of claim 1, wherein the ML model is trained
using the first plurality of biomedical training signals related
to the cardiac event, and the second plurality of biomedical
training signals when the cardiac event does not occur.
7. A method for predicting a cardiac event, the method
being implemented in a computer system having: one or
more sensors configured to monitor a biomedical signal of
an individual in real-time; and one or more physical pro-
cessors programmed with computer program instructions
that, when executed by the one or more physical processors,
cause the computer system to perform the method, the
method comprising:
receiving a trained machine learning (ML) model that
relates a first plurality of biomedical training signals to
a cardiac event and a second plurality of biomedical
training signals when the cardiac event does not occur;

receiving the biomedical signal of the individual, wherein
the biomedical signal is received by the one or more
sensors, and wherein the individual is a driver or a
passenger of a vehicle; and

determining a conditional probability of the cardiac event

by applying the biomedical signal of the individual to
the trained ML model.

Jan. 23,2020

8. The method of claim 7, further comprising:

when the conditional probability associated with the car-
diac event is the greatest among conditional probabili-
ties of the trained ML model, performing an action
identifying the individual will likely experience the
cardiac event.
9. The method of claim 7, whetein the trained machine
learning (ML) model is a Markov model.
10. The method of claim 7, wherein the one or more
physical processors are communicatively coupled to an
electronic control unit of the vehicle.
11. The method of claim 7, wherein the sensors are affixed
to the individual while the individual is the driver or the
passenger of the vehicle.
12. The method of claim 7, wherein the ML model is
trained using the first plurality of biomedical training signals
related to the cardiac event, and the second plurality of
biomedical training signals when the cardiac event does not
occur.
13. A non-transitory computer readable media including
instructions that, when executed by one or more processors,
cause the one or more processors to:
receive a trained machine learning (ML) model that
relates a first plurality of biomedical training signals to
a cardiac event and a second plurality of biomedical
training signals when the cardiac event does not occur;

receive the biomedical signal of the individual, wherein
the biomedical signal is received by the one or more
sensors, and wherein the individual is a driver or a
passenger of a vehicle; and

determine a conditional probability of the cardiac event

by applying the biomedical signal of the individual to
the trained ML model.

14. The non-transitory computer readable media of claim
13, further configured to:

when the conditional probability associated with the car-

diac event is the greatest among conditional probabili-
ties of the trained ML model, perform an action iden-
tifying the individual will likely experience the cardiac
event.

15. The non-transitory computer readable media of claim
13, wherein the trained machine learning (ML) model is a
Markov model.

16. The non-transitory computer readable media of claim
13, wherein the one or more physical processors are com-
municatively coupled to an electronic control unit of the
vehicle.

17. The non-transitory computer readable media of claim
13, wherein the computer readable media is communica-
tively coupled with sensors, and wherein the sensors are
affixed to the individual while the individual is the driver or
the passenger of the vehicle.

18. The non-transitory computer readable media of claim
13, wherein the ML model is trained using the first plurality
of biomedical training signals related to the cardiac event,
and the second plurality of biomedical training signals when
the cardiac event does not occur.

* #* * #* #®
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