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(57) ABSTRACT

A physical system receives and records measurements from
a plurality of sensors for the physical system over a period
of time and creates therefrom a statistical model of normal
behavior of the physical system. The statistical model is
applied to monitor the physical system for events or signifi-
cant changes. The method detects events or significant
changes in the operation or behavior of the physical system
responsive to the monitoring of the physical system for
events or significant changes. Events or significant changes
in the operation or behavior of the physical system may
cause a notification or alert, which can be sent a supervisory
system.
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METHOD AND APPARATUS FOR EVENT
PREDICTION FOR A PHYSICAL SYSTEM
BASED ON DATA SOLELY COLLECTED
FROM THE PHYSICAL SYSTEM

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This nonprovisional patent application claims pri-
ority to provisional patent application No. 62/747,585, filed
Oct. 18, 2018, entitled Method and Apparatus for Event
Prediction for a Physical System Based on Data Solely
Collected from the Physical System, the contents of which
are incorporated herein by reference.

TECHNICAL FIELD

[0002] Embodiments of the invention relate to monitoring
a physical system and predicting an event relating to the
physical system, such as a failure of the physical system or
a component thereof, based solely on data collected through
the monitoring of the physical system.

BACKGROUND

[0003] Prior art approaches for event or failure prediction
of a physical system (e.g., the heart in a human body, the
engine of an airplane) from streaming data emanating from
a number of sensors attached to the physical system measure
different characteristics, e.g., operational or behavioral char-
acteristics of that physical system. The prior art then predicts
an event, such as failure, of the physical system by collecting
event (e.g., failure) data of similar physical systems and then
find common characteristics (patterns) that predict an event
(e.g., failure) or the remaining life of the physical system.
Such an approach entails collecting lots of data on similar
physical systems before one can build an event prediction
system.

[0004] In general, the first step in the process of creating
predictive models for any phenomenon is data collection.
For example, to predict fraud, an organization would collect
lots of data on fraud and non-fraud cases. And to predict
breast cancer from biopsies, one would collect lots of cases
where the tumors were found to be either benign or malig-
nant. The idea is to build models from a diverse set of cases
so that the models can “generalize” and accurately account
for the variety of cases that exist. But the attempt to
generalize from very diverse cases can sometimes be prob-
lematic and can result in models that may not be very
accurate in their predictions. Such diversity of cases arises
often in the medical field because human bodies become
very dissimilar physical systems over time. Thus, one would
find patients with similar medical histories exhibiting dif-
ferent medical conditions making it difficult to identify
common medical profiles for certain medical conditions.
(Creating such common profiles is the task of generalization
in machine learning.) For example, heart failure cases often
have very different medical histories and, thus, makes it
difficult to build highly accurate profiles for heart failure
patients. Hence, generalization and accuracy of prediction
suffer in such cases.

[0005] It is often possible to redefine the prediction prob-
lem and get more accurate predictions by simply focusing on
the data produced by an individual physical system. In this
scenario, one simply builds models of an individual physical
system that, in effect, defines its normal operating charac-
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teristics. Such models do not compare an individual sys-
tem’s behavior with other similar systems. And these models
can easily predict the behavior of the individual system
under different circumstances. For example, in one particu-
lar NIH study of decompensated heart failure (DHF) that is
explained herein below, DHF patients, after their first heart
failure treatment, were released from the hospital with a
package of devices for remote patient monitoring (RPM).
The package included two ECG patches, an accelerometer
and a bio-impedance measurement device. The purpose of
the NIH study was to collect data on individual patients from
the RPM devices and build models to predict the “onset” of
next decompensated heart failure for such patients. But,
given the diversity of the patient population in the study, any
population-based predictive model using RPM and other
medical data would not be very accurate. What is needed is
a personalized model for each individual patient, based
simply on the RPM data, which would be much more
accurate in its prediction of the “onset” of DHF.

SUMMARY

[0006] Embodiments of the invention relate to a method of
observing a physical system, based on regular measurements
from a set of sensors attached to it, to predict an event, or the
onset of the event, such as its failure. Such a physical system
can be an inanimate object, e.g., the engine of an aircraft, or
an animate object, the heart of a human body. The sensors
can be electrocardiogram (ECG) and blood pressure mea-
surement devices on a human body or temperature and
airflow measurement devices on an aircraft engine, as
examples. Based on measurements streamed from such
sensors, the embodiments create a statistical model of “nor-
mal” behavior of the physical system. The embodiments
create the statistical model by observing the physical system
for a certain period of time. After creating the statistical
model, the embodiments then use that model to monitor the
physical system for changes. The embodiments monitor the
physical system by continually collecting streaming data
from the sensors and evaluating the behavior of the physical
system using the statistical model. Embodiments can detect
events or significant changes in the operation or behavior of
the physical system (e.g. the “onset” of heart failure) and
provide such information to an appropriate supervisory
system (e.g. a physician or nurse in the case of a heart failure
patient; an engineer, or alert mechanism, in the case of
machine failure).

BRIEF DESCRIPTION OF THE DRAWINGS

[0007] Embodiments are illustrated by way of example,
and not by way of limitation, and will be more fully
understood with reference to the following detailed descrip-
tion when considered in connection with the figures in
which:

[0008] FIG. 1 is a flow diagram in accordance with an
embodiment of the invention;

[0009] FIG. 2 provides a table of different types of bio-
sensors and the biosignals generated by them;

[0010] FIG. 3 provides a table of data points when slicing
across a time-series to create each data point for clustering
in accordance with an embodiment of the invention;
[0011] FIG. 4 illustrates a two-dimensional Kohonen map,
in accordance with an embodiment of the invention;
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[0012] FIG. 5 provides a table with a count of data points
at each node (cluster) of a 4x3 (12 node) Kohonen SOM
after training, in accordance with an embodiment of the
invention;

[0013] FIG. 6 provides a table with a count of data points
in the consolidated clusters of the 4x3 (12 node) Kohonen
SOM, in accordance with an embodiment of the invention;
[0014] FIG. 7 provides a table with cluster sizes in con-
solidated form in three different Kohonen SOMSs, in accor-
dance with one embodiment of the invention;

[0015] FIG. 8 provides a table with four highest ranking
features for individual patients, in accordance with one
embodiment of the invention;

[0016] FIG. 9 provides a table with data distribution for
Patient A on subsequent days of monitoring, in accordance
with one embodiment of the invention;

[0017] FIG. 10 provides a table with average feature
values (or counts of feature values) for Patient A on subse-
quent days of monitoring, in accordance with one embodi-
ment of the invention;

[0018] FIG. 11 provides a table with data distribution for
Patient B on subsequent days of monitoring, in accordance
with one embodiment of the invention;

[0019] FIG. 12 provides a table with average feature
values (or counts of feature values) for Patient B on subse-
quent days of monitoring, in accordance with one embodi-
ment of the invention;

[0020] FIG. 13 provides a table with data distribution for
Patient C on subsequent days of monitoring, in accordance
with one embodiment of the invention;

[0021] FIG. 14 provides a table with average feature
values (or counts of feature values) for Patient C on subse-
quent days of monitoring, in accordance with one embodi-
ment of the invention; and

[0022] FIG. 15 illustrates a diagrammatic representation
of a machine in the exemplary form of a computer system,
in accordance with one embodiment of the invention.

WRITTEN DESCRIPTION

[0023] Embodiments of the invention provide for event
(e.g., failure) prediction of a physical system (e.g., the heart
in a human body, the engine of an airplane) from streaming
data emanating from a number of sensors attached to that
physical system that measure different characteristics, such
as operational or behavioral characteristics, of that physical
system. Embodiments of the invention rely solely on data
collected from the particular physical system for which an
event (e.g., failure) is to be predicted. In other words,
embodiments of the invention build a customized or per-
sonalized model of the particular physical system to predict
an event related to it, such as a failure of the particular
physical system. Embodiments of the invention do not rely
on, and do not need to obtain, information regarding how
other similar physical systems operate leading up to such an
event.

[0024] Embodiments of the invention provide a method
for personalized or individualized modeling for failure pre-
diction based on time-series data produced by sensors and
other measurement instruments. The embodiments were
used to predict the “onset” of subsequent decompensated
heart failure of patients in a study, discussed in detail below.
Heart failures are generally a slow degradation process and
are similar to slow failure processes of many other physical
systems. Thus, the embodiments can be applied to failure
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prediction of machinery and production processes with
similar characteristics. Although the embodiments use time-
series data produced by sensors and other instruments, the
embodiments do not actually construct or use any time-
series models. Rather, the embodiments examine the distri-
bution of time-series data across specified time cycles to
make predictions about the “onset” of failure. Failure pre-
diction of slow degradation processes is also not strictly
anomaly detection, but is more about trend analysis. The
advantage of personalized modeling is that it does not
require large amounts of data collection about other similar
systems. And for situations where it is difficult to generalize
from diverse population characteristics, personalized mod-
els can be far more accurate.

[0025] Embodiments of the invention are about personal-
izing a model for a physical system to predict the “onset” of
a degradation process in the physical system. Such a model
is solely based on data recorded at certain time intervals by
a monitoring system for the physical system. It does not use
or depend on any prior knowledge about such physical
systems. For plants and machinery, such a monitoring sys-
tem typically would consist of different types of sensors
attached to them, such as the ones to measure vibration,
pressure and temperature. For the particular heart failure
case study discussed herein, a remote patient monitoring
(RPM) system consists of two ECG recording patches, an
accelerometer to monitor a patient’s activity and a bio-
impedance measuring device.

[0026] The sensors of a monitoring system can generate
data at different frequencies. For example, ECG patches
generate data every few milliseconds while blood pressure
and weight might be recorded only a few times a day. The
data generated by a sensor is essentially time-series data.
When multiple sensors generate data at different frequen-
cies, the frequencies need to be aligned for modeling pur-
poses. There are different ways to align slow and high
frequency time-series data. For example, temperature or
pressure, if they are measured too frequently, can be aver-
aged over a time interval to produce a lower frequency
time-series. In the same way, if weight is measured infre-
quently, the same weight value can be used at subsequent
time points until a new weight is recorded.

[0027] Sensors are usually attached to, in proximity of, or
communicate wirelessly with, physical systems to measure
various physical, behavioral, or operational, characteristics
of the physical systems. These measurements are then
collected by certain external devices (e.g., a controller, a
computer, an electronic device, a smart phone) communi-
catively coupled with the sensors. These external devices, in
turn, can analyze the measurements and extract or generate
additional information from the analysis. In general, mul-
tiple sensors and downstream (external) devices produce
streaming data that can be considered as time-series data.
Thus, a physical system can be defined by the characteristics
of multiple time-series data. In the prior art, one way to
predict an event, such as the “onset” of degradation (the
“onset” of a failure), is to model each time-series data from
data generated during normal operations of the particular
physical system, then monitor the system using these models
and detect deviations from the normal operations. In con-
trast, embodiments of the invention, instead of building
separate time-series models for different sensors (and for
any derivative time-series generated by downstream
devices), build a unified model from multiple time-series
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data and detect deviations from the normal operations or
behavior using the unified model. In particular, we look for
changes in the distribution of time-series data over time and
then isolate one or more time-series that potentially is
causing the degradation.

[0028] The general process for building customized or
personalized models from time-series data from a physical
system, according to an embodiment of the invention 100,
are as follows, with reference to FIG. 1.

[0029] At step 105, logic selects a set of time-series data
to use for modeling a particular physical system. The set
may include one or both of original sensor/device measure-
ments (e.g. the weight, respiration rate, and blood pressure
of a patient) and derived measurements (e.g., QRS complex
and atrial premature complexes from an electrocardiography
(ECG)).

[0030] At step 110, logic determines a duration, P, and
records the average values of the selected set of time-series
data for that duration from streaming data produced by
original sensor(s)/device(s), or external devices(s). For
example, the duration P can be a millisecond, a minute, 5
minutes, hours, or days, depending on how frequently one
should observe the physical system for failure or certain
other events.

[0031] Suppose Nis the total number in the set of time-
series data whose average values within the duration P are
being observed. Suppose T is the total number of such
observed durations P, and X(t,1), i=1 ... Nt=1 ... T, the
average value of the i” time-series at the t* duration P, t=1
... T. Here, X(t, 1), i=1 . . . N represents an observation of
the particular physical system across all N in the set of
time-series data at a point in time t*P.

[0032] At step 115, logic uses T number of collected
observations of N time-series data, and creates a clustering
model to record the distribution of time-series data in the
observation period T*P. For example, one can monitor a
heart failure patient every 5 minutes (P=5 minutes) for a day
(T=12%24=288 durations of 5 minutes) to create a model of
the patient. A clustering model such as a Kohonen Self-
Organizing Map (SOM) can be used for this purpose.
According to one embodiment, the resulting clustering
model represents the normal behavior of the particular
physical system and shows the distribution of time-series
data values normally observed within a period of time T*P.

[0033] At step 120, logic monitors the particular physical
system in subsequent time periods of length T*P using the
model created in step 115 and the data from the N time-
series in subsequent time periods. For example, one can
create a model for a heart failure patient from remote
monitoring device data the day after discharge from a
hospital and that model can define “normal functioning” of
the patient after the hospital treatment. That model can then
be used to monitor the patient on subsequent days for any
significant changes as observed through the N time-series
data for that day, such as those outside the statistical model
of normal behavior or normal functioning of the patient.
[0034] At step 125, logic notifies/alerts a supervisory
system if significant deviations, e.g., outside the range or
normal behavior, or outside a certain range in the distribu-
tion of time-series data are observed.

[0035] This process (or modeling approach) is for an
individual physical system and can be applied to any physi-
cal system, in general, to predict failure or some other event
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that deviates from the normal in terms of the operation or
behavior of that physical system.

[0036] Embodiments of the invention may be imple-
mented using standard software systems such as SPSS
Modeler, a data mining and text analytics software applica-
tion available from IBM, and R, an open source program-
ming language for statistical computing and analysis sup-
ported by the R Foundation for Statistical Computing
available under the GNU GPL v2 open source license
agreement.

Advantages of Embodiments of the Invention

[0037] Customization or personalization of the model:
medicine is generally based on finding common patterns in
a population or sub-population. Thus, in the domain of heart
failure prediction, lots of data on lots of heart failure cases
would usually be collected and statistically analyzed to find
patterns and signatures for heart failure in the population. By
comparison, embodiments of the invention analyze the data
from a single patient to predict the patient’s next heart
failure. Such an approach builds personalized models of
patients from data and such an individualized modeling
approach would work even if a patient is completely differ-
ent from the normal population, for example, when the
patient is an outlier in terms of physiological characteristics.
[0038] Data efficiency: building personalized models
according to embodiments of the invention is very data
efficient in the sense that it does not depend on collecting
data from a large number of patients and then finding
common patterns in the data for heart failure prediction.
[0039] Better prediction accuracy: A personalized model
is thought to be more accurate in terms of prediction because
the model is not attempting to account for patients with
highly different physiological characteristics but instead is
highly focused on a single patient characteristic.

[0040] Electronic Medical Records (EMR) data not
required: embodiments of the invention do not depend on
any EMR data. The embodiments build personalized models
of patients solely based on physiological characteristics
evident in the sensor data produced by the monitoring
devices.

[0041] Personalized models created in real-time from
streaming data: embodiments can build personalized models
in real-time from streaming data generated by the various
monitoring sensors.

[0042] General approach to personalized modeling any
physical system: the embodiments for customized or per-
sonalized modeling described herein are general and not
limited to prediction of the “onset” of decompensated heart
failure. Embodiments can be used in a similar way to predict
many other types of events from sensor data, whether
medical events or other events. Embodiments can be used to
build customized models of other physical systems (e.g. a
subsystem in a power plant, an aircraft engine, a rocket) and
then monitor such systems for failure or for other events
based on the individualized models.

[0043] Applications for Embodiments of the Invention
[0044] Deliverable forms of products and services,
embodied in software and hardware, according to embodi-
ments of the invention, provide an event or failure prediction
system that uses personalized models of physical systems
from sensor data, both in software and hardware forms. In an
Industrial Internet of Things (IloT), there is growing resis-
tance to uploading large amounts of sensor data to the cloud
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for analysis, mainly because it is costly. So it is preferable
to do most of the analysis close to the source of the data; that
is, at the edge of the IloT. The failure prediction system,
however, can be deployed both in the cloud and at the edge
of the IloT. The system uses machine learning on streaming
sensor data to construct personalized models. One embodi-
ment employs a specialized GPU-based system for machine
learning and such machine learning hardware can be used to
deploy the failure prediction system at the edge of the IloT.
[0045] For heart failure monitoring, this failure prediction
system can be embedded, either in software or hardware
form, in the external device that collects the data obtained
from sensors for a patient. A number of medical device
manufacturers have products in this market in which
embodiments of the invention may be embedded.

[0046] Heart failure prediction is but one of the applica-
tions of embodiments of the invention. An embodiment
could be implemented within an external device that collects
and monitors cardiac signals generated by an implanted or
an external device (e.g., a cardiac rhythm management
device).

[0047] Another application for an embodiment of the
invention is predictive maintenance. An embodiment may be
implemented within an external device that collects and
monitors signals generated by sensors attached to a physical
system. According to Wikipedia’s characterization of pre-
dictive maintenance, (://en.wikipedia.org/wiki/Predictive_
maintenance):

[0048] Predictive maintenance (PdM) techniques are
designed to help determine the condition of in-service
equipment in order to predict when maintenance should
be performed. This approach promises cost savings
over routine or time-based preventive maintenance,
because tasks are performed only when warranted. The
main promise of predictive maintenance is to allow
convenient scheduling of corrective maintenance, and
to prevent unexpected equipment failures. The key is
“the right information in the right time” . . . . Predictive
maintenance differs from preventive maintenance
because it relies on the actual condition of equipment,
rather than average or expected life statistics, to predict
when maintenance will be required. Some of the main
components that are necessary for implementing pre-
dictive maintenance are data collection and preprocess-
ing, early fault detection, fault detection, time to failure
prediction, maintenance scheduling and resource opti-
mization. Predictive maintenance has also been con-
sidered to be one of the driving forces for improving
productivity and one of the ways to achieve “just-in-
time” in manufacturing. (footnotes omitted)

[0049] Experimentation with Embodiments of the Inven-
tion
[0050] Experiments were conducted using embodiments

of the invention. An NIH supported decompensated heart
failure study conducted at Mayo Clinic provided the data for
the experiments. The NIH study, Technologies for Mainte-
nance of Independent Living in Heart Failure Patients, NIH
RO1 2015, used the BodyGuardian Remote Monitoring
System™ available from Preventice. The BodyGuardian
system is an FDA 510 approved device used for remote
monitoring of cardiac patients. It has a front-end that
includes an adhesive snap-strip body sensor (BodyGuard-
ian) with built-in electrodes that measure ECG signals and
bio-impedance. It also has a 3-way accelerometer. Overall,
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the system measures heart rate, ECG, respiration rate (RR)
and activity. It also communicates with off-body sensors
such as a blood pressure (BP) cuff and scale to incorporate
BP and weight data. In addition, it solicits symptoms from
the user thus acting as an event recorder and recording
simultaneous physiologic data. It wirelessly transmits all
data to a central data analysis hub.

[0051] From ECG signals, bio-impedance measurements
and accelerometer data, BodyGuardian derives 56 features.
It classifies activity level in the range O to 100, which is then
binned into 10 ranges. From the activity data, it derives three
basic body positions: lying, leaning and standing. The
experiments excluded activity level and body position data
from the model. A number of features were extracted from
ECG data, including: PVC (premature ventricular complex),
SVC (supraventricular complex), NSR (normal sinus
rhythm), Unclassified Rhythm, SinTachy (sinus tachycar-
dia), SinBrady (sinus bradycardia), IVCD (interventricular
conduction delay), Mobitz 1 and 2, AV Block (atrioventricu-
lar block), PJC (premature junctional complex), PAC (pre-
mature atrial contractions), SVTA (supraventricular tachyar-
rythmia), AFib (atrial fibrillation—slow, normal, rapid),
IVR (idioventricular rhythm), VT (ventricular tachycardia),
VF (ventricular fibrillation), minimum heart rate, and maxi-
mum heart rate. The data also includes blood pressure,
respiration rate and weight.

[0052] Data was averaged every 5 minutes for modeling
purposes, although the data is available on a finer time scale.
In effect, the patient was observed every 5 minutes. When
recorded continuously during a day, one should get 288
observations. A model was created using data for a single
day and, then, that model was used to track changes in the
patient’s physiological profile on subsequent days. Since the
physiological measurements varied during the course of a
day, one approach was to model the distribution of the
physiological data during the day.

[0053] Since, in this study, Mayo Clinic provides a patient
with the BodyGuardian device only after a heart failure
treatment, in general, the model is created for a patient after
a full day of recording following discharge from the hospi-
tal. One can construct models using data over several days
following discharge from the hospital, but there is a risk in
the sense that there could be onset of decompensation very
soon after discharge. The model is meant to reflect the
physiological state of the patient before the onset of a
subsequent decompensation.

[0054] The experiments did not use any clinical data of
patients in the models. Nor did the experiments use data of
other patients to build each individualized patient model.
This concept of creating a personalized model based pre-
dominantly on data generated by wearable biosensors is
novel and has wide applicability in many situations. FIG. 2
provides a table that shows some typical biosensors in use
today and the biosignals generated by them. There are many
factors driving the growth in usage of such wearable devices
including: an aging population worldwide, the need to
reduce hospital and emergency visits, and the need to
monitor and manage chronic diseases remotely.

[0055] Experiments with embodiments of the invention
included the following seven steps:

[0056] Step 1: Select a set of time-series to use for
modeling the physical system. This set may include both
original sensor/device measurements (e.g., weight, blood
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pressure of a patient) and derived measurements (e.g., QRS
complex, atrial premature complexes from an ECG).
[0057] Step 2: Determine a time interval P for recording
time-series data and record the average values of the
selected time-series within that time interval from streaming
data. For example, the time interval P can be a millisecond,
a minute, or 5 minutes, and depends on how frequently one
should observe the physical system for degradation or
“onset” of failure or certain other events.

[0058] Step 3: Suppose recording the average values of N
time-series in each time interval of duration P. Suppose T is
the total number of observed time intervals during normal
operations of the physical system, and X (t, 1),i=1 ... N, t=1
... T, the average value of the i’ time-series at the t* time
interval. Thus, X (t, 1), i=1 . . . N, is an observation of the
physical system across all N time-series at time t. Hach
time-series i, i=1 . . . N, represents a feature in the dataset.
[0059] Step 4: Using T collected observations of N time-
series, create a clustering model to record the distribution of
time-series data in that observation period T*P.

[0060] For example, one can monitor a heart failure
patient every 5 minutes (P=5 minutes) for a day
(T=12%24=288 durations of 5 minutes) to create a model of
the patient. One can use a clustering model, such as
Kohonen Self-Organizing Map (SOM), to model the distri-
bution of the time-series data. The resulting clustering model
represents normal behavior of the physical system and
shows the distribution of time-series values normally
observed within a period of time T*P.

[0061] Step 5: Obtain a ranking of the features (time-
series) using any unsupervised feature ranking method or
from the clustering method.

[0062] Step 6: Monitor the physical system in subsequent
periods of length T*P using the model created in Step 4 and
data from the N time-series. The monitoring tracks any
changes in the distribution of time-series data. Monitoring
essentially means passing the data through the clustering
model and assigning each to the closest cluster. To under-
stand the factors that cause a change from the normal
behavior of the physical system, track some of the highest-
ranked features (time-series) found in Step 5.

[0063] For example, one can create a model of a heart
failure patient, using remote monitoring data, the day after
discharge from a hospital and that model would then define
“normal functioning” of the patient after the hospital treat-
ment. One would then use that model to monitor the patient
on subsequent days using the N time-series data for each
day.

[0064] Step 7: If significant deviation in the distribution of
the time-series data and in the trajectory of some of the
highest ranked features occurs during the monitoring period,
notify/alert a supervisory system of the change from normal.
[0065] Application of embodiments of the invention to
predict the “onset” of decompensated heart failure is further
discussed herein below. Steps 1 and 2 of the method
according to embodiments of the invention, as applied to the
heart failure case study, involve: (1) selection of time-series
for modeling the patients, and (2) determination of the time
interval P for time-series measurements. Step 3 sets up the
data for clustering in Step 4. Following is an example of
proper structuring of the data for clustering. FIG. 3 provides
a table that shows four time series—X(1), X(2), X(3) and
X(4)—and 9 values for each recorded over 9 time intervals.
The first data point for clustering is D1=[1, 2, 3, 4] and the
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last data point is D9=[5, 4, 3, 2]. In essence, for the
clustering model, each time-series corresponds to a feature
and the time-series data is sliced across time.

[0066] In Step 4, the method creates clusters to character-
ize the distribution of the data during normal operations of
the physical system. In one embodiment, Kohonen’s Self
Organizing Map (SOM) were used for clustering. However,
one can use other methods as well such as K-means. A
two-dimensional rectangular grid defines a Kohonen SOM
as shown in FIG. 4. For example, a grid size of 4x3 has 12
nodes. As part of this step, since randomness is inherent in
any clustering method, Kohonen SOMs of different sizes
(e.g. 3x3, 4x3, 5x2) are trained to verify the data distribu-
tion. In addition, after training the Kohonen SOMs, nearby
nodes (nearby clusters) of each SOM are combined to verify
the consistency of the data distribution across the SOMs. For
example, suppose a Kohonen SOM of size 4x3 is trained
with data from one day of remote monitoring of a heart
failure patient (which produces 288 data points) and suppose
the resulting 12 node SOM produces the clusters shown in
the table in FIG. 5. An embodiment then combines the
closest nodes (clusters) to produce more consolidated clus-
ters. The table in FIG. 6 shows the result of such a consoli-
dation that produced three clusters from the 4x3 SOM
clusters in the table in FIG. 5. The table in FIG. 7 shows the
consolidated data distribution (cluster sizes) from three
different Kohonen SOMs of sizes 4x3, 3x3 and 5x2. The
consolidation process produces a data distribution that is
invariant to the Kohonen SOM size.

[0067] In Step 5—one can get feature rankings by a
variety of means. The table in FIG. 8 shows the four
highest-ranking features (out of 42 features) for three dif-
ferent heart failure patients. Here the features correspond to
the time-series. Note that the top ranking features (time-
series) are different for the three patients and essentially
characterize each patient individually along with the asso-
ciated data distribution.

[0068] In Step 6—individual patient monitoring using the
clustering model and the ranked features, the application of
personalized clustering models to three different decompen-
sated heart failure patients from the NIH supported study at
Mayo Clinic is shown. Patients are labeled as A, B and C.
Each case is discussed separately below.

[0069] Patient A—readmitted to the hospital 18 days after
hospital discharge. Patient A was a 76 years old male who
had hypertension and diabetes. Remote monitoring of the
patient, after the first heart failure treatment, started 10 days
after discharge from the hospital. A personalized model was
created on the first day of data collection and used to monitor
the patient on subsequent days. The table in FIG. 9 shows
the changes in the distribution of time-series data on sub-
sequent days where Day 0 corresponds to the day of model
creation. Assignment of data on subsequent days to the three
Day 0 clusters was on a nearest cluster basis. As one can
observe, the data distribution changed drastically from Day
1. The hospital readmitted the patient for heart failure on
Day 11. A fair estimate would be that the “onset” of
decompensation started around Day 1 and confirmed by
similar observations on subsequent days.

[0070] The table in FIG. 10 shows the average values (for
Respiration Rate) or counts (for SVC, SinTACHY and NSR)
of the four highest ranked features for patient A for each day.
These physiological features provide additional informa-
tion—with their upward, downward or fluctuating trends—
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to support a judgment about the “onset” of decompensation
and about potential treatment. From the accelerometer data,
BodyGuardian calculates whether the patient is standing,
leaning or lying. Data for Patient A shows that he was
standing or leaning almost 100 percent of the time from Day
1. Cardiologists generally know that decompensated heart
failure patients cannot lie supine because of breathing prob-
lems. Thus, body position is another indicator of heart
failure. In this case, multiple indicators confirm the “onset”
of decompensated heart failure on Day 1.

[0071] Patient B—readmitted to the hospital 17 days after
hospital discharge. Patient B was a 73 years old female who
had hypertension, diabetes and other ailments. Remote
monitoring of the patient, after the first heart failure treat-
ment, started the day after discharge from the hospital. A
personalized model was created on the first day of data
collection and used it to monitor the patient on subsequent
days. The table in FIG. 11 shows the changes in the
distribution of time-series data on subsequent days where
Day 0 corresponds to the day of model creation. Assignment
of data on subsequent days to the three Day O clusters was
on a nearest cluster basis. Days 5 and 6 were dropped
because there was minimal monitoring on those days. As one
can observe, the data distribution fluctuates until Day 10 and
then remains steady from Day 11 to 14. There was minimal
data collection on Day 16. The hospital readmitted the
patient for weakness, tiredness, abdominal pain and other
problems on Day 17. From the data distribution in the table
in FIG. 11, one can infer that the “onset” of these heart
failure related problems started on Day 11 when the data
distribution changed.

[0072] The table in FIG. 12 shows the counts of the four
highest ranked features for patient B for the corresponding
days in the table in FIG. 11. These physiological features
provide additional information—with their upward, down-
ward or fluctuating trends—to support a judgment about the
“onset” of decompensation-related problems and about
potential treatment. For this patient, accelerometer data
shows that she was standing or leaning on the average 85%
of the time every day from Day 10 to 15 compared to 69%
average on prior days. In this case, multiple indicators
confirm the “onset” of heart failure related problems on
about Day 10 or 11.

[0073] Patient C—a 75 years old male with hypertension
and admitted to the hospital for COPD or asthma. Remote
patient monitoring started about three weeks after hospital
discharge, but the patient used the devices only part of the
day on many of the days. A personalized model was created
on the first day of reasonably good data collection and used
to monitor the patient on subsequent days.

[0074] The table in FIG. 13 shows the changes in the
distribution of time-series data on subsequent days where
Day 0 corresponds to the day of model creation. Assignment
of data on subsequent days to the three Day O clusters was
on a nearest cluster basis. Several days were dropped
because there was minimal monitoring on those days. As one
can observe, the data distribution remains fairly steady on
the days that had good monitoring. There was no re-
admittance of the patient to the hospital during the moni-
toring period.

[0075] The table in FIG. 14 shows the counts of the four
highest ranked features for patient C for the corresponding
days in the table in FIG. 13. For this patient, accelerometer
data shows that he was standing or leaning on the average

Dec. 9, 2021

66% of the time during a day for the days in the table in FIG.
13, which means he was sleeping well. In this case, there
were no significant indicators predicting the “onset” of a
major medical event. In fact, the patient did not return to the
hospital during the monitoring period of about a month.
[0076] Illustrative Computing Environment in Accor-
dance with Certain Embodiments

[0077] FIG. 15 illustrates a diagrammatic representation
of a machine 1500 in the exemplary form of a computer
system, in accordance with one embodiment, within which
a set of instructions, for causing the machine 1500 to
perform any one or more of the methodologies discussed
herein, may be executed. In alternative embodiments, the
machine may be connected, networked, interfaced, etc., with
other machines in a Local Area Network (LAN), a Wide
Area Network, an intranet, an extranet, or the Internet. The
machine may operate in the capacity of a server or a client
machine in a client-server network environment, or as a peer
machine in a peer to peer (or distributed) network environ-
ment. Certain embodiments of the machine may be in the
form of a personal computer (PC), a tablet PC, a set-top box
(STB), a Personal Digital Assistant (PDA), a cellular tele-
phone, a web appliance, a server, a network router, switch or
bridge, computing system, or any machine capable of
executing a set of instructions (sequential or otherwise) that
specify actions to be taken by that machine. Further, while
only a single machine is illustrated, the term “machine” shall
also be taken to include any collection of machines (e.g.,
computers) that individually or jointly execute a set (or
multiple sets) of instructions to perform any one or more of
the methodologies discussed herein.

[0078] The exemplary computer system 1500 includes a
processor 1502, a main memory 1504 (e.g., read-only
memory (ROM), flash memory, dynamic random access
memory (DRAM) such as synchronous DRAM (SDRAM)
or Rambus DRAM (RDRAM), etc., static memory such as
flash memory, static random access memory (SRAM), etc.),
and a secondary memory 1518, which communicate with
each other via a bus 1530. Main memory 1504 includes
information and instructions and software program compo-
nents necessary for performing and executing the functions
with respect to the various embodiments of the systems,
methods for implementing embodiments of the invention
described herein. Instructions may be stored within main
memory 1504. Main memory 1504 and its sub-elements are
operable in conjunction with processing logic 1526 and/or
software 1522 and processor 1502 to perform the method-
ologies discussed herein.

[0079] Processor 1502 represents one or more devices
such as a microprocessor, central processing unit, or the like.
More particularly, the processor 1502 may be a complex
instruction set computing (CISC) microprocessor, reduced
instruction set computing (RISC) microprocessor, very long
instruction word (VLIW) microprocessor, processor imple-
menting other instruction sets, or processors implementing a
combination of instruction sets. Processor 1502 may also be
one or more devices such as an application specific inte-
grated circuit (ASIC), a field programmable gate array
(FPGA), a digital signal processor (DSP), network proces-
sor, or the like. Processor 1502 is configured to execute the
processing logic 1526 for performing the operations and
functionality which are discussed herein.

[0080] The computer system 1500 may further include one
or more network interface cards 1508 to interface with the



US 2021/0382472 Al

computer system 1500 with one or more networks 1520. The
computer system 1500 also may include a user interface
1510 (such as a video display unit, a liquid crystal display
(LCD), or a cathode ray tube (CRT)), an alphanumeric input
device 1512 (e.g., a keyboard), a cursor control device 1514
(e.g., amouse), and a signal generation device 1516 (e.g., an
integrated speaker). The computer system 1500 may further
include peripheral device 1536 (e.g., wireless or wired
communication devices, memory devices, storage devices,
audio processing devices, video processing devices, etc.).
[0081] The secondary memory 1518 may include a non-
transitory machine-readable storage medium (or more spe-
cifically a non-transitory machine-accessible storage
medium) 1531 on which is stored one or more sets of
instructions (e.g., software 1522) embodying any one or
more of the methodologies or functions described herein.
Software 1522 may also reside, or alternatively reside within
main memory 1504, and may further reside completely or at
least partially within the processor 1502 during execution
thereof by the computer system 1500, the main memory
1504 and the processor 1502 also constituting machine-
readable storage media. The software 1522 may further be
transmitted or received over a network 1520 via the network
interface card 1508.

[0082] Some portions of this detailed description are pre-
sented in terms of algorithms and representations of opera-
tions on data within a computer memory. These algorithmic
descriptions and representations are the means used by those
skilled in the data processing arts to most effectively convey
the substance of their work to others skilled in the art. An
algorithm is here, and generally, conceived to be a sequence
of steps leading to a desired result. The steps are those
requiring physical manipulations of physical quantities.
Usually, though not necessarily, these quantities take the
form of electrical or magnetic signals capable of being
stored, transferred, combined, compared, and otherwise
manipulated. It has proven convenient at times, principally
for reasons of common usage, to refer to these signals as
bits, values, elements, symbols, characters, terms, numbers,
or the like.

[0083] It should be borne in mind, however, that all of
these and similar terms are to be associated with the appro-
priate physical quantities and are merely convenient labels
applied to these quantities. Unless specifically stated other-
wise, as apparent from this discussion, it is appreciated that
throughout the description, discussions utilizing terms such
as “processing” or “computing” or “calculating” or “deter-
mining” or “displaying” or the like, refer to the action and
processes of a computer system or computing platform, or
similar electronic computing device(s), that manipulates and
transforms data represented as physical (electronic) quanti-
ties within the computer system’s registers and memories
into other data similarly represented as physical quantities
within the computer system memories or registers or other
such information storage, transmission or display devices.

[0084] In addition to wvarious hardware components
depicted in the figures and described herein, embodiments
further include various operations which are described
below. The operations described in accordance with such
embodiments may be performed by hardware components or
may be embodied in machine-executable instructions, which
may be used to cause a purpose processor programmed with
the instructions to perform the operations. Alternatively, the
operations may be performed by a combination of hardware
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and software, including software instructions that perform
the operations described herein via memory and one or more
processors of a computing platform.
[0085] Embodiments of invention also relate to appara-
tuses for performing the operations herein. Some appara-
tuses may be specially constructed for the required purposes,
or selectively activated or configured by a computer pro-
gram stored in one or more computers. Such a computer
program may be stored in a computer readable storage
medium, such as, but not limited to, any type of disk
including optical disks, CD-ROMs, DVD-ROMs, and mag-
netic-optical disks, read-only memories (ROMs), random
access memories (RAMs), EPROMs, EEPROMs,
NVRAMs, magnetic or optical cards, or any type of media
suitable for storing electronic instructions, and each coupled
to a computer system bus.
[0086] The algorithms presented herein are not inherently
related to any particular computer or other apparatus. In
addition, embodiments of the invention are not described
with reference to any particular programming language. It
will be appreciated that a variety of programming languages
may be used to implement the embodiments of the invention
as described herein.
[0087] A machine-readable medium includes any mecha-
nism for storing or transmitting information in a form
readable by a machine (e.g., a computer). For example, a
machine-readable medium includes read only memory
(“ROM”); random access memory (“RAM”); magnetic disk
storage media; optical storage media; flash memory devices,
etc.
[0088] Although the invention has been described and
illustrated in the foregoing illustrative embodiments, it is
understood that the present disclosure has been made only
by way of example, and that numerous changes in the details
of implementation of the invention can be made without
departing from the spirit and scope of the invention, which
is only limited by the claims that follow. Features of the
disclosed embodiments can be combined and rearranged in
various ways.
What is claimed is:
1. A system comprising:
a memory to store instructions;
a processor to execute the instructions stored in the
memory;
wherein the system is specially configured to observe a
physical system, by performing the following opera-
tions:
receiving and recording measurements from a plurality of
sensors for the physical system over a period of time;
creating a statistical model of normal behavior for the
physical system based on the recorded measurements;
monitoring the physical system for events or significant
changes outside the statistical model of normal behav-
ior for the physical system;
detecting events or significant changes outside the statis-
tical model of normal behavior for the physical system
responsive to monitoring the physical system for events
or significant changes outside the statistical model of
normal behavior for the physical system; and
notifying a supervisory system responsive to detecting
events or significant changes outside the statistical
model of normal behavior for the physical system.
2. The system of claim 1, wherein receiving and recording
measurements from the plurality of sensors for the physical
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system over a period of time comprises receiving and
recording streaming data comprising the measurements
from the plurality of sensors for the physical system over a
period of time.

3. The system of claim 1, wherein receiving and recording
streaming data comprising the measurements from the plu-
rality of sensors for the physical system over a period of time
comprises receiving and recording a respective plurality of
time-series data comprising the measurements from the
plurality of sensors for the physical system over a period of
time.

4. The system of claim 3:

wherein creating the statistical model of normal behavior

for the physical system based on the recorded measure-
ments comprises creating a unified statistical model
from the plurality of time-series data;

wherein monitoring the physical system for events or

significant changes outside the statistical model of
normal behavior for the physical system comprises
applying the unified statistical model from the plurality
of time-series data to monitor the physical system for
events or significant changes outside the statistical
model of normal behavior for the physical system; and
wherein detecting events or significant changes outside
the statistical model of normal behavior for the physical
system responsive to applying the statistical model to
monitor the physical system for changes comprises
detecting events or significant changes outside the
statistical model of normal behavior for the physical
system responsive to applying the unified statistical
model from the plurality of time-series data to monitor
the physical system for events or significant changes.
5. The system of claim 4, wherein receiving the respective
plurality of time-series data comprising the recorded mea-
surements from the plurality of sensors for the physical
system over a period of time comprises receiving a total
number, N, of time-series data comprising the recorded
measurements from the plurality of sensors for the physical
system over a period of time.
6. The system of claim 5, wherein creating the unified
statistical model from the plurality of time-series data com-
prises:
determining a duration, P;
recording average values of the plurality of time-series
data, for the duration P, for a total, T, of such durations
P, from the streaming data; and

creating a clustering model to record a distribution of the
time-series data over for the period T times P using the
T number of N time-series.

7. The system of claim 6, wherein the clustering model
comprises a Kohonen self-organizing map.

8. The system of claim 6, wherein applying the statistical
model to monitor the physical system for events or signifi-
cant changes comprises applying the clustering model to
monitor the physical system in subsequent time periods of
length T times P using the N time-series data.

9. The system of claim 8, wherein notifying the supervi-
sory system responsive to detecting events or significant
changes outside the statistical model of normal behavior for
the physical system comprises notifying the supervisory
system responsive to detecting significant deviations in the
distribution of the time-series data.

10. The system of claim 1, wherein creating the statistical
model of normal behavior for the physical system based on
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the recorded measurements comprises creating the statistical
model of normal behavior for the physical system solely
based on the recorded measurements.

11. Non-transitory computer-readable storage media hav-
ing instructions stored thereupon that, when executed by a
system having at least a processor and a memory therein, the
instructions cause the system to observe a physical system,
by performing operations including:

receiving and recording measurements from a plurality of

sensors for the physical system over a period of time;
creating a statistical model of normal behavior for the
physical system based on the recorded measurements;
monitoring the physical system for events or significant
changes outside the statistical model of normal behav-
ior for the physical system;
detecting events or significant changes outside the statis-
tical model of normal behavior for the physical system
responsive to monitoring the physical system for events
or significant changes outside the statistical model of
normal behavior for the physical system; and
notifying a supervisory system responsive to detecting
events or significant changes outside the statistical
model of normal behavior for the physical system.

12. The non-transitory computer-readable storage media
of claim 11:

wherein receiving and recording measurements from the

plurality of sensors for the physical system over a
period of time comprises receiving and recording
streaming data comprising the measurements from the
plurality of sensors for the physical system over a
period of time.

13. The non-transitory computer-readable storage media
of claim 11:

wherein receiving and recording streaming data compris-

ing the measurements from the plurality of sensors for
the physical system over a period of time comprises
receiving and recording a respective plurality of time-
series data comprising the measurements from the
plurality of sensors for the physical system over a
period of time;

wherein creating the statistical model of normal behavior

for the physical system based on the recorded measure-
ments comprises creating a unified statistical model
from the plurality of time-series data;
wherein monitoring the physical system for events or
significant changes outside the statistical model of
normal behavior for the physical system comprises
applying the unified statistical model from the plurality
of time-series data to monitor the physical system for
events or significant changes outside the statistical
model of normal behavior for the physical system;

wherein detecting events or significant changes outside
the statistical model of normal behavior for the physical
system responsive to applying the statistical model to
monitor the physical system for changes comprises
detecting events or significant changes outside the
statistical model of normal behavior for the physical
system responsive to applying the unified statistical
model from the plurality of time-series data to monitor
the physical system for events or significant changes;
and

wherein receiving the respective plurality of time-series

data comprising the recorded measurements from the
plurality of sensors for the physical system over a
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period of time comprises receiving a total number, N,
of time-series data comprising the recorded measure-
ments from the plurality of sensors for the physical
system over a period of time.
14. The non-transitory computer readable storage media
of claim 13, wherein creating the unified statistical model
from the plurality of time-series data comprises:
determining a duration, P;
recording average values of the plurality of time-series
data, for the duration P, for a total, T, of such durations
P, from the streaming data; and

creating a clustering model to record a distribution of the
time-series data over for the period T times P using the
T number of N time-series.

15. The non-transitory computer-readable storage media
of claim 14:

wherein applying the statistical model to monitor the

physical system for events or significant changes com-
prises applying the clustering model to monitor the
physical system in subsequent time periods of length T
times P using the N time-series data; and

wherein notifying the supervisory system responsive to

detecting events or significant changes outside the
statistical model of normal behavior for the physical
system comprises notifying the supervisory system
responsive to detecting significant deviations in the
distribution of the time-series data.

16. The non-transitory computer-readable storage media
of claim 11:

wherein creating the statistical model of normal behavior

for the physical system based on the recorded measure-
ments comprises creating the statistical model of nor-
mal behavior for the physical system solely based on
the recorded measurements.

17. A method performed by a system having at least a
processor and a memory therein to execute instructions for
observing a physical system, wherein the method comprises

receiving and recording measurements from a plurality of

sensors for the physical system over a period of time;
creating a statistical model of normal behavior for the
physical system based on the recorded measurements;
monitoring the physical system for events or significant
changes outside the statistical model of normal behav-
ior for the physical system;
detecting events or significant changes outside the statis-
tical model of normal behavior for the physical system
responsive to monitoring the physical system for events
or significant changes outside the statistical model of
normal behavior for the physical system; and
notifying a supervisory system responsive to detecting
events or significant changes outside the statistical
model of normal behavior for the physical system.

18. The method of claim 11:

wherein receiving and recording measurements from the

plurality of sensors for the physical system over a
period of time comprises receiving and recording
streaming data comprising the measurements from the
plurality of sensors for the physical system over a
period of time.

Dec. 9, 2021

19. The method of claim 11:

wherein receiving and recording streaming data compris-
ing the measurements from the plurality of sensors for
the physical system over a period of time comprises
receiving and recording a respective plurality of time-
series data comprising the measurements from the
plurality of sensors for the physical system over a
period of time;

wherein creating the statistical model of normal behavior
for the physical system based on the recorded measure-
ments comprises creating a unified statistical model
from the plurality of time-series data;

wherein monitoring the physical system for events or
significant changes outside the statistical model of
normal behavior for the physical system comprises
applying the unified statistical model from the plurality
of time-series data to monitor the physical system for
events or significant changes outside the statistical
model of normal behavior for the physical system;

wherein detecting events or significant changes outside
the statistical model of normal behavior for the physical
system responsive to applying the statistical model to
monitor the physical system for changes comprises
detecting events or significant changes outside the
statistical model of normal behavior for the physical
system responsive to applying the unified statistical
model from the plurality of time-series data to monitor
the physical system for events or significant changes;
and

wherein receiving the respective plurality of time-series
data comprising the recorded measurements from the
plurality of sensors for the physical system over a
period of time comprises receiving a total number, N,
of time-series data comprising the recorded measure-
ments from the plurality of sensors for the physical
system over a period of time.

20. The method of claim 19:

wherein creating the unified statistical model from the
plurality of time-series data comprises: (i) determining
a duration, P, (ii) recording average values of the
plurality of time-series data, for the duration P, for a
total, T, of such durations P, from the streaming data,
and (iii) creating a clustering model to record a distri-
bution of the time-series data over for the period T
times P using the T number of N time-series;

wherein applying the statistical model to monitor the
physical system for events or significant changes com-
prises applying the clustering model to monitor the
physical system in subsequent time periods of length T
times P using the N time-series data; and

wherein notifying the supervisory system responsive to
detecting events or significant changes outside the
statistical model of normal behavior for the physical
system comprises notifying the supervisory system
responsive to detecting significant deviations in the
distribution of the time-series data.
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