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(57) ABSTRACT
A system 1s provided that predicts eating events for a user.
The system includes a set of sensors each of which is
configured to continuously measure a different physiological
variable associated with the user and output a time-stamped
data stream that includes the current value of this variable.
A set of features is periodically extracted from the data
stream output from each of the sensors, where these features
have been determined to be specifically indicative of an
about-to-eat moment. This set of features is then input into
an about-to-eat moment classifier that has been trained to
predict when the user is in an about-to-eat moment based on
this set of features. Whenever an output of the classifier
indicates that the user is currently in an about-to-eat
moment, the user is notified with a just-in-time eating

intervention.
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For Each Of The Mobile Sensors That Is Physically
Attached To Or Carried By A User:

30\2_ Receive Data Stream Output From Mobile Sensor

v
30&'_ Periodically Extract A Set Of Features From Received Data
Stream, Where These Features, Which Are Among Many
Features That Can Be Extracted From Received Data Stream,
Have Been Determined To Be Specifically Indicative Of An
About-To-Eat Moment

(o)
o
o

y v
30@_ Input Set Of Features 31@_ Input Set Of Features
Periodically Extracted From Periodically Extracted From
Data Stream Received From Data Stream Received From
Each Of The Mobile Sensors Each Of The Mobile Sensors
Into About-To-Eat Moment Into Regression-Based Time-
Classifier That Has Been To-Next-Eating-Event
Trained To Predict When The Predictor That Has Been
User Is In An About-To-Eat Trained To Predict The Time
Moment Based On This Set Remaining Until The Onset
Of Features Of The Next Eating Event For
¥ The User Based On This Set
338 | Whenever Output OF About- Of Features
To-Eat Moment Classifier Y
Indicates That The User Is 31& Whenever Output Of
Currently In An About-To-Eat Regression-Based Time-To-
Moment, Notify The User Next-Eating-Event Predictor
With A Just-In-Time Eating Indicates That The Current
Intervention Time Remaining Until The
Onset Of The Next Eating
Event For The User Is Less
Than A Prescribed
Threshold, Notify The User
End With A Just-In-Time Eating
Intervention

FIG. 3
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For Each Of The Mobile Sensors That Is Physically
Attached To Or Carried By Each Of One Or More Users:

40\2_ Receive Data Stream Output From Mobile Sensor
y
40("_ Periodically Extract A Set Of Features From Received Data
Stream, Where These Features, Which Are Among Many
Features That Can Be Extracted From Received Data Stream,
Have Been Determined To Be Specifically Indicative Of An
About-To-Eat Moment

v

4(&6_ Use Set Of Features Periodically Extracted From Data Stream
Received From Each Of The Mobile Sensors To Train Eating Event
Predictor To Predict VWhen An Eating Event For A User Is About To

NN
(]
[an]

Occur
Y
408 | Output Trained Eating Event Predictor

FIG. 4 End
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For Each Of The Data Streams Received From The Set Of 900
Mobile Sensors:
90@_ Preprocess Received Data Stream
v
Periodically Extract Set Of Features From Preprocessed 904
Received Data Stream
906

__| Segment Preprocessed Received Data Stream Into Windows
Each Having A Uniform Window Length And A Uniform
Window Shift
v
90& Apply Set Of Statistical Functions To Each Of The Windows,
Where Each Of The Statistical Functions Extracts A Different
Feature From Each Of The Windows

FIG. 9 ene
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Size Of About-To-Eat Definition Window (mins)
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WEARABLE SYSTEM FOR PREDICTING
ABOUT-TO-EAT MOMENTS

BACKGROUND

[0001] There is a prevalence of obesity across the globe
that has become a major challenge to the world’s healthcare
systems and economies. For example, obesity is linked to
many chronic diseases including diabetes, heart disease and
cancer. A balanced diet and healthy eating habits (e.g.,
behaviors) are crucial to controlling obesity and maintaining
good overall health. Since diet and health are closely related,
dietary education and methods for maintaining awareness of
one’s own eating habits are and will continue to be univer-
sally important health topics. In fact, one of the cornerstones
of modern public health policy today is to educate people
across the globe about healthy dietary behaviors and encour-
age/motivate them to modify their eating habits accordingly.

SUMMARY

[0002] Wearable system implementations described herein
generally involve a system for predicting eating events for a
user. In one exemplary implementation the system includes
a set of mobile sensors, where each of the mobile sensors is
configured to continuously measure a different physiological
variable associated with the user and output a time-stamped
data stream that includes the current value of this variable.
For each of the mobile sensors, the data stream output from
the mobile sensor is received, and a set of features is
periodically extracted from this received data stream, where
these features, which are among many features that can be
extracted from this received data stream, have been deter-
mined to be specifically indicative of an about-to-eat
moment. The set of features that is periodically extracted
from the data stream received from each of the mobile
sensors is then input into an about-to-eat moment classifier
that has been trained to predict when the user is in an
about-to-eat moment based on this set of features. Then,
whenever an output of the classifier indicates that the user is
currently in an about-to-eat moment, the user is notified with
a just-in-time eating intervention. In another exemplary
implementation the set of features that is periodically
extracted from the data stream received from each of the
mobile sensors is input into a regression-based time-to-next-
eating-event predictor that has been trained to predict the
time remaining until the onset of the next eating event for the
user based on this set of features. Then, whenever an output
of the predictor indicates that the current time remaining
until the onset of the next eating event for the user is less
than a prescribed threshold, the user is notified with a
Just-in-time eating intervention.

[0003] Tt should be noted that the foregoing Summary is
provided to introduce a selection of concepts, in a simplified
form, that are further described below in the Detailed
Description. This Summary is not intended to identify key
features or essential features of the claimed subject matter,
nor is it intended to be used as an aid in determining the
scope of the claimed subject matter. Its sole purpose is to
present some concepts of the claimed subject matter in a
simplified form as a prelude to the more-detailed description
that is presented below.

DESCRIPTION OF THE DRAWINGS

[0004] The specific features, aspects, and advantages of
the wearable system implementations described herein will
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become better understood with regard to the following
description, appended claims, and accompanying drawings
where:

[0005] FIG. 1 is a diagram illustrating one implementa-
tion, in simplified form, of a system framework for realizing
the wearable system implementations described herein.
[0006] FIG. 2 is a diagram illustrating another implemen-
tation, in simplified form, of a system framework for real-
izing the wearable system implementations described
herein.

[0007] FIG. 3 is a flow diagram illustrating an exemplary
implementation, in simplified form, of a process for predict-
ing eating events for a user.

[0008] FIG. 4 is a flow diagram illustrating an exemplary
implementation, in simplified form, of a process for training
a machine-learned eating event predictor.

[0009] FIG. 5 is a diagram illustrating an exemplary
implementation, in simplified form, of an eating event
forecaster computer program for predicting eating events for
a user.

[0010] FIG. 6 is a diagram illustrating an exemplary
implementation, in simplified form, of an eating event
prediction trainer computer program for training a machine-
learned eating event predictor.

[0011] FIGS. 7 and 8 illustrate an exemplary set of time-
stamped data streams, in simplified form, that is received
from a set of mobile sensors each of which is configured to
continuously measure a different physiological variable
associated with a user and output a time-stamped data
stream that includes the current value of this variable.
[0012] FIG. 9 is a flow diagram illustrating an exemplary
implementation, in simplified form, of a process for peri-
odically extracting a set of features from the time-stamped
data stream that is received from each of the mobile sensors
in the set of mobile sensors.

[0013] FIG. 10 is a diagram illustrating the estimated
contributions of different feature groups in the training of a
user-independent about-to-eat moment classifier to predict
about-to-eat moments for any user.

[0014] FIG. 11 is a table illustrating the performance of
different types of user-independent about-to-eat moment
classifiers after they have been trained using the wearable
system implementations described herein.

[0015] FIG. 12 is a graph illustrating how the performance
of a TreeBagger type user-independent about-to-eat moment
classifier changes as a uniform window length that is used
for periodic feature extraction is changed.

[0016] FIG. 13 is a graph illustrating how the performance
of the TreeBagger type user-independent about-to-eat
moment classifier changes as the size of an about-to-eat
definition window is changed.

[0017] FIG. 14 is a table illustrating the performance of
different types of user-independent regression-based time-
to-next-eating-event predictors after they have been trained
using the wearable system implementations described
herein.

[0018] FIG. 15 is a graph illustrating how the time remain-
ing until the onset of the next eating event for a user that is
predicted by a TreeBagger type user-independent regres-
sion-based time-to-next-eating-event predictor performs
with respect to a ground truth reference.

[0019] FIG. 16 is a graph illustrating how the performance
of the TreeBagger type user-independent regression-based
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time-to-next-eating-event predictor changes as the uniform
window length that is used for periodic feature extraction is
changed.

[0020] FIG. 17 is a diagram illustrating a simplified
example of a general-purpose computer system on which
various implementations and elements of the wearable sys-
tem, as described herein, may be realized.

DETAILED DESCRIPTION

[0021] In the following description of wearable system
implementations reference is made to the accompanying
drawings which form a part hereof, and in which are shown,
by way of illustration, specific implementations in which the
wearable system can be practiced. It is understood that other
implementations can be utilized and structural changes can
be made without departing from the scope of the wearable
system implementations.

[0022] It is also noted that for the sake of clarity specific
terminology will be resorted to in describing the wearable
system implementations described herein and it is not
intended for these implementations to be limited to the
specific terms so chosen. Furthermore, it is to be understood
that each specific term includes all its technical equivalents
that operate in a broadly similar manner to achieve a similar
purpose. Reference herein to “one implementation”, or
“another implementation”, or an “exemplary implementa-
tion”, or an “alternate implementation”, or “one version”, or
“another version”, or an “exemplary version”, or an “alter-
nate version” means that a particular feature, a particular
structure, or particular characteristics described in connec-
tion with the implementation or version can be included in
at least one implementation of the wearable system. The
appearances of the phrases “in one implementation”, “in

another implementation”, “in an exemplary implementa-
2% GGy

tion”, “in an alternate implementation”, “in one version”, “in
another version”, “in an exemplary version”, and “in an
alternate version” in various places in the specification are
not necessarily all referring to the same implementation or
version, nor are separate or alternative implementations/
versions mutually exclusive of other implementations/ver-
sions. Yet furthermore, the order of process flow represent-
ing one or more implementations or versions of the wearable
system does not inherently indicate any particular order nor

imply any limitations of the wearable system.

[0023] As utilized herein, the terms “component,” “sys-
tem,” “client” and the like are intended to refer to a
computer-related entity, either hardware, software (e.g., in
execution), firmware, or a combination thereof. For
example, a component can be a process running on a
processor, an object, an executable, a program, a function, a
library, a subroutine, a computer, or a combination of
software and hardware. By way of illustration, both an
application running on a server and the server can be a
component. One or more components can reside within a
process and a component can be localized on one computer
and/or distributed between two or more computers. The term
“processor” is generally understood to refer to a hardware
component, such as a processing unit of a computer system.
[0024] Furthermore, to the extent that the terms
“includes,” “including,” “has,” “contains,” variants thereof,
and other similar words are used in either this detailed
description or the claims, these terms are intended to be

2
S
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inclusive, in a manner similar to the term “comprising”, as
an open transition word without precluding any additional or
other elements.

1.0 Introduction

[0025] This section introduces several different concepts,
in simplified form, that are employed in the more-detailed
description of the wearable system implementations that is
presented below.

[0026] As is appreciated in the health sciences and the art
of human biology, eating is one of the most fundamental yet
complex biological processes of the human body. A person’s
eating habits (e.g., behaviors) play a primary role in deter-
mining their health, wellness and happiness. Irregular eating
habits and disproportionate or inadequate dietary behaviors
may increase the likelihood of severe health issues such as
obesity. As described heretofore, there is a prevalence of
obesity across the globe. More particularly, according to the
World Health Organization more than 1.9 billion adults (age
18 and older) across the globe were overweight in 2014. In
the United States, two out of every three adults is considered
to be overweight or obese. This prevalence of obesity has
become a major challenge to the world’s healthcare systems
and economies. For example, obesity is a leading cause of
preventable death second only to smoking. In summary,
obesity is a grave issue that faces the entire globe.

[0027] As is appreciated in the arts of behavioral modifi-
cation and behavioral intervention technologies, an inter-
vention is most effective when it occurs just before a person
starts to perform an activity that the intervention is intended
to either prevent from happening or curtail—such an inter-
vention is sometimes referred to as a just-in-time interven-
tion. Previous research studies in a variety of health domains
have found that just-in-time interventions are maximally
effective in encouraging and motivating the desired behavior
change since they prompt the person at a critical point of
decision (e.g., just before the person begins the behavior that
is desired to change). In many health domains just-in-time
interventions are triggered upon detecting certain events or
conditions which are commonly a precursor of a negative
health outcome. Such moments of high risk or heightened
vulnerability, when coupled with a person’s ineffective
coping response, may easily lead the person toward
decreased self-efficacy and possibly to relapse. Researchers
working in the areas of alcohol addiction, drug addiction,
smoking addiction, and stress management use these high
risk and heightened vulnerability moments as optimally
opportune moments for triggering just-in-time patient inter-
ventions since the patient gets the chance to cope, divert or
circumvent the behavior which constitutes the negative
health outcome before they begin the behavior. Research has
also shown that the patient is often especially receptive to an
intervention strategy during these high risk and heightened
vulnerability moments.

[0028] As is also appreciated in the health sciences and the
art of human biology, one of the fundamental causes of
obesity is the over-consumption of food by many people.
With particular regard to people’s eating habits, previous
research studies have also found that adults consume about
92 percent of the food that is served to them irrespective of
their perceived self-control, current emotional state, and
other external variables. This finding suggests that just-in-
time eating interventions would be maximally effective in
changing a person’s eating habits toward better and healthier
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eating behavior since such interventions occur just prior to
the person’s actual eating events—support for this assertion
can be found in the intuition that after a person has decided
to have a cookie and perhaps has already had a bite of the
cookie, it is much more difficult for the person to stop eating
the cookie.

2.0 Wearable System for Predicting About-To-Eat Moments

[0029] The term “eating event” is used herein to refer to a
given finite period time in a person’s life during which the
person eats one or more types of food. Exemplary types of
eating events include breakfast, brunch, lunch, dinner, and a
snack. The term “about-to-eat moment” is used herein to
refer to the moment (e.g., the temporal episode) in a person’s
life just before the person begins a new eating event. In other
words, an about-to-eat moment is a certain period of time
that immediately precedes when a person starts to eat—this
period of time is hereafter referred to as an about-to-eat
definition window. It is noted that the about-to-eat definition
window can have various values. By way of example but not
limitation, in a tested implementation of the wearable sys-
tem described herein the about-to-eat definition window was
set to be 30 minutes. The term “user” is used herein to refer
to a person who is using the wearable system implementa-
tions described herein.

[0030] The wearable system implementations described
herein are generally applicable to the task of automatically
predicting a user’s eating events. In other words, rather than
simply detecting when a user is currently eating, the wear-
able system implementations can be utilized to predict the
user’s next eating event ahead of time (e.g., a prescribed
period of time before the onset (e.g., the beginning/start) of
the next eating event for the user), thus providing the user
with an opportunity to modify their behavior and choose not
to begin/start the eating event. More particularly and as will
be described in more detail hereafter, in one implementation
of the wearable system a user’s about-to-eat moments are
predicted and the user may be automatically notified about
such moments with a just-in-time eating intervention. In
another implementation of the wearable system the current
time remaining until the onset of the next eating event for a
user is predicted and whenever this time is less than a
prescribed threshold, the user may be automatically notified
with a just-in-time eating intervention.

[0031] The wearable system implementations described
herein are advantageous for various reasons including, but
not limited to, the following. As will be appreciated from the
more-detailed description that follows, the wearable system
implementations can be used to encourage/motivate healthy
eating habits in users (e.g., the wearable system implemen-
tations can nudge users towards healthy eating decision
making). The wearable system implementations are also
noninvasive and produce accurate results (e.g., can accu-
rately predict users’ eating events) for users having a wide
variety of eating styles. The wearable system implementa-
tions are also context-aware since they adapt their behavior
based on current information that is continually sensed from
a given user and their environment. The wearable system
implementations also discretely communicate each eating
event prediction to each user, and thus address the privacy
concerns of many people who are looking to either lose
weight or modify their eating habits.

[0032] As described heretofore, the just-in-time eating
interventions that are provided to users of the wearable
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system implementations described herein are maximally
effective in encouraging and motivating the users to change
their eating habits toward better and healthier eating behav-
ior. The wearable system implementations are also easy to
use and consume very little of the users’ time and attention
(e.g., the wearable system implementations require a very
low level of user engagement). For example, the wearable
system implementations eliminate the need for users to have
to utilize various conventional manual food journaling meth-
ods (such as pen and paper, or a mobile software application,
among others) in order to painstakingly log everything they
eat throughout each day. The wearable system implementa-
tions also succinctly communicate each eating event predic-
tion to each user without presenting the user with excessive
and irrelevant information. Accordingly, users are prone to
utilize the wearable system implementations on an ongoing
basis, even after the novelty of these implementations fades.

2.1 System and Process Framework

[0033] This section describes different exemplary imple-
mentations of a system framework and a process framework
that can be used to realize the wearable system implemen-
tations described herein. It is noted that in addition to the
system framework and process framework implementations
described in this section, various other system framework
and process framework implementations may also be used to
realize the wearable system implementations.

[0034] FIG. 1 illustrates one implementation, in simplified
form, of a system framework for realizing the wearable
system implementations described herein. As exemplified in
FIG. 1, the system framework 100 includes a set of mobile
(e.g., portable) sensors 102 each of which is either physi-
cally attached to (e.g., worn on) the body of, or carried by,
a user 104 as they go about their day. As will be appreciated
from the more detailed description that follows, the set of
mobile sensors 102 is multi-modal in that each of the mobile
sensors 102 is configured to continuously (e.g., on an
ongoing basis) and passively measure (e.g., capture) a
different physiological variable associated with the user 104
as they go about their day, and output a time-stamped data
stream that includes the current value of this variable. In
other words, the set of mobile sensors 102 continuously
collect various types of information related to the user’s 104
current physiology and their different eating events. Exem-
plary types of mobile sensors 102 that may be employed in
the wearable system implementations are described in more
detail hereafter.

[0035] Referring again to FIG. 1, the system framework
100 also includes a conventional mobile computing device
106 that is carried by the user 104. In an exemplary
implementation of the wearable system described herein the
mobile computing device is either a conventional smart-
phone or a conventional tablet computer. Each of the mobile
sensors 102 is configured to wirelessly transmit 108 the
time-stamped data stream output from the sensor to the
mobile computing device 106. The mobile computing
device 106 is according configured to wirelessly receive 108
the various data streams transmitted from the set of mobile
sensors 102. The wireless communication 108 of the various
data streams output from the set of mobile sensors 102 can
be realized using various wireless technologies. For
example, in a tested version of the wearable system imple-
mentations described herein this wireless communication
108 was realized using a conventional Bluetooth personal
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area network. Another version of the wearable system imple-
mentations is possible where the wireless communication
108 is realized using a conventional Wi-Fi local area net-
work. Yet another version of the wearable system imple-
mentations is also possible where the wireless communica-
tion 108 is realized using a combination of different wireless
networking technologies.

[0036] FIG. 2 illustrates another implementation, in sim-
plified form, of a system framework for realizing the wear-
able system implementations described herein. As exempli-
fied in FIG. 2, the system framework 200 includes the
aforementioned set of mobile sensors 202/220 each of which
is either physically attached to the body of, or carried by,
each of one or more users 204/218 as they go about their day.
The system framework 200 also includes the aforemen-
tioned mobile computing device 206/224 that is carried by
each of the users 204/218, and is configured to wirelessly
receive 208/222 the various time-stamped data streams
transmitted from the set of mobile sensors 202/220. The
mobile computing device 206/224 is further configured to
communicate over a data communication network 210 such
as the Internet (among other types of networks) to a cloud
service 212 that operates on one or more other computing
devices 214/216 that are remotely located from the mobile
computing device 206/224. The remote computing devices
214/216 can also communicate with each other via the
network 210. The term “cloud service” is used herein to refer
to a web application that operates in the cloud and can be
hosted on (e.g., deployed at) a plurality of data centers that
can be located in different geographic regions (e.g., different
regions of the world).

[0037] FIG. 3 illustrates an exemplary implementation, in
simplified form, of a process for predicting eating events for
a user. As exemplified in FIG. 3, the process starts with the
following actions taking place for each of the mobile sensors
that is either physically attached to the body of, or carried by,
the user as they go about their day (process action 300).
First, the data stream that is output from the mobile sensor
is received (process action 302). A set of features is then
periodically extracted from this received data stream, where
these features, which are among many features that can be
extracted from this received data stream, have been deter-
mined to be specifically indicative of an about-to-eat
moment (process action 304). Exemplary methods for per-
forming this periodic feature extraction and exemplary types
of features that may be periodically extracted are described
in more detail hereafter. In one implementation of the
wearable system described herein the set of features that is
periodically extracted from the data stream received from
each of the mobile sensors is then input into an about-to-eat
moment classifier that has been trained to predict when the
user is in an about-to-eat moment based on this set of
features (process action 306). In other words, the about-to-
eat moment classifier has been trained to predict when an
eating event for the user is about to occur (e.g., expected to
occur within the aforementioned about-to-eat definition win-
dow). This classifier training is described in more detail
hereafter.

[0038] The wearable system implementations described
herein can train various types of classifiers. By way of
example but not limitation, in one implementation of the
wearable system described herein the classifier that is
trained is a conventional linear type classifier. In another
implementation of the wearable system the classifier that is
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trained is a conventional reduced error pruning (also known
as a REPTree) type classifier. In another implementation of
the wearable system the classifier that is trained is a con-
ventional support vector machine type classifier. In another
implementation of the wearable system the classifier that is
trained is a conventional TreeBagger type classifier. Refer-
ring again to FIG. 3, whenever an output of the about-to-cat
moment classifier indicates that the user is currently in an
about-to-eat moment (e.g., an eating event for the user is
about to occur), the user is automatically notified with a
just-in-time eating intervention (process action 308). This
notification can be provided to the user in various ways. By
way of example but not limitation, the user notification may
include a message that is displayed on a display screen of the
mobile computing device that is carried by the user. The user
notification may also include an audible alert that is output
from the mobile computing device. The user notification
may also include a haptic alert that is output from the mobile
computing device. Exemplary types of just-in-time eating
interventions are described in more detail hereafter.

[0039] The automatic generation of a just-in-time eating
intervention for the user advantageously maximizes the
usability of the mobile computing device that is carried by
the user in various ways. For example and as described
heretofore, the user does not have to run a food journaling
application on their mobile computing device and painstak-
ingly log everything they eat into this application. Addition-
ally, the intervention is succinct and does not present the
user with excessive and irrelevant information. As such, the
automatically generated just-in-time eating intervention
advantageously maximizes the efficiency of the user when
they are using their mobile computing device.

[0040] Referring again to FIG. 3, in another implementa-
tion of the wearable system described herein the set of
features that is periodically extracted from the data stream
received from each of the mobile sensors is input into a
regression-based time-to-next-cating-event predictor that
has been trained to predict the time remaining until the onset
of the next eating event for the user based on this set of
features (process action 310). This predictor training is
described in more detail hereafter. The wearable system
implementations described herein can train various types of
predictors. By way of example but not limitation, in one
implementation of the wearable system the predictor that is
trained is a conventional linear type predictor. In another
implementation of the wearable system the predictor that is
trained is a conventional reduced error pruning type predic-
tor. In another implementation of the wearable system the
predictor that is trained is a conventional sequential minimal
optimization type predictor. In another implementation of
the wearable system the predictor that is trained is a con-
ventional TreeBagger type predictor.

[0041] Referring again to FIG. 3, whenever an output of
the regression-based time-to-next-eating-event predictor
indicates that the current time remaining until the onset of
the next eating event for the user is less than a prescribed
time threshold, the user is automatically notified with a
just-in-time eating intervention (process action 312). This
notification can be provided to the user in the various ways
described heretofore. In a tested implementation of the
wearable system described herein the just-described time
threshold was set to be 30 minutes.

[0042] The just-in-time eating intervention described
herein can include various types of information that wel-
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comes a positive eating behavior. By way of example but not
limitation, in one implementation of the wearable system
described herein the just-in-time eating intervention may
include diet-related information such as reminding the user
to eat a balanced meal, or reminding the user of their calories
allowance, or the like. In another implementation of the
wearable system the just-in-time eating intervention may
suggest a different timing for when the user eats again. In yet
another implementation of the wearable system the just-in-
time eating intervention may be customized/personalized by
the user to meeting their particular needs/desires. In yet
another implementation of the wearable system the just-in-
time eating intervention may be generated using the con-
ventional PopTherapy micro-intervention method (e.g., the
just-in-time eating intervention may include a text prompt
that tells the user what to do and a URL (Uniform Resource
Locator) that when selected by the user launches a pre-
scribed web site application that provides an appropriate
micro-intervention).

[0043] FIG. 4 illustrates an exemplary implementation, in
simplified form, of a process for training a machine-learned
eating event predictor. As exemplified in FIG. 4, the process
starts with the following actions taking place for each of the
mobile sensors that is either physically attached to the body
of, or carried by, each of one or more users as they go about
their day (process action 400). First, the data stream that is
output from the mobile sensor is received (process action
402). The aforementioned set of features is then periodically
extracted from this received data stream (process action
404). The set of features that is periodically extracted from
the data stream received from each of the mobile sensors is
then used to train the predictor to predict when an eating
event for a user is about to occur (process action 406). The
trained predictor is then output (process action 408). As will
be described in more detail hereafter, in one implementation
of the wearable system described herein the set of features
that is periodically extracted from the data stream received
from each of the mobile sensors is selected such that the
trained predictor is user-independent and as such may be
utilized to predict when an eating event for any user is about
to occur. In a tested implementation of the wearable system
the set of mobile sensors was physically attached to the body
of, or carried by, each of eight different users (three female
and five male) ranging in age from 26 to 54 years, and data
streams were received from the set of mobile sensors for a
period of five days. An alternate implementation of the
wearable system is also possible where the set of features
that is periodically extracted from the data stream received
from each of the mobile sensors is selected such that the
trained predictor is user-dependent.

[0044] In one implementation of the wearable system
described herein the machine-learned eating event predictor
is the aforementioned about-to-eat moment classifier that is
trained to predict when a user is in an about-to-eat moment.
In another implementation of the wearable system the
machine-learned eating event predictor is the aforemen-
tioned regression-based time-to-next-eating-event predictor.
Referring again to FIG. 4, in this particular implementation
the action of periodically extracting a set of features from the
data stream received from each of the mobile sensors (action
404) includes the action of mapping each of the features in
the set of features that is periodically extracted from this
received data stream to the current time remaining until the
next eating event, where this current time remaining is
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determined by analyzing the data stream received from each
of the mobile sensors. Additionally, the action of using the
set of features that is periodically extracted from the data
stream received from each of the mobile sensors to train the
predictor to predict when an eating event for a user is about
to occur (action 406) includes the action of using the set of
features that is periodically extracted from the data stream
received from each of the mobile sensors in combination
with the just-described mapping of each of the features in
this set of features to train the time-to-next-eating-event
predictor to predict the time remaining until the onset of the
next eating event for the user.

[0045] Referring again to FIG. 4, in an alternate imple-
mentation of the wearable system described herein the
action of using the set of features that is periodically
extracted from the data stream received from each of the
mobile sensors to train the predictor to predict when an
eating event for a user is about to occur (action 406) may be
implemented as follows. First, the set of features that is
periodically extracted from the data stream received from
each of the mobile sensors may be input into an overall set
of features. A combination of a conventional correlation-
based feature selection method and a conventional best-first
decision tree machine learning method may then be used to
select a subset of the features in the overall set of features.
This selected subset of the features may then be used to train
the predictor to predict when an eating event for a user is
about to occur. As is appreciated in the art of machine
learning, the correlation-based feature selection method is
based on the central hypothesis that a good feature set
contains features that are highly correlated with the target
class, but are uncorrelated with each other. Accordingly, the
correlation-based feature selection method evaluates the
“goodness” of each of the features in the overall set of
features based on two criteria, namely, whether or not the
feature is highly indicative of the target class, and whether
or not the feature is highly uncorrelated with the features that
have already been selected from the overall set of features.
In other words, the correlation-based feature selection
method selects features from the overall set of features that
are highly indicative of the target class, and are highly
uncorrelated with the features that have already been
selected from the overall set of features.

[0046] FIG. 5 illustrates an exemplary implementation, in
simplified form, of an eating event forecaster computer
program for predicting eating events for a user. As exem-
plified in FIG. 5, the eating event forecaster computer
program 500 includes a data stream reception sub-program
504, a feature extraction sub-program 506, and a user
notification sub-program 514. Each of these sub-programs
504/506/514 is realized on a computing device such as that
which is described in more detail in the Exemplary Oper-
ating Environments section which follows. More particu-
larly and by way of example but not limitation, in one
implementation of the wearable system described herein the
sub-programs 504/506/514 may all be realized on the mobile
computing device that is carried by the user. In another
implementation of the wearable system one or more of the
sub-programs 504/506/514 may be realized on the mobile
computing device and the other sub-programs may be real-
ized on the aforementioned other computing devices that are
remotely located from the mobile computing device.

[0047] Referring again to FIG. 5, the data stream reception
sub-program 504 receives the data streams that are output
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from the mobile sensors 502. The feature extraction sub-
program 506 periodically extracts the aforementioned set of
features 508 from each of the received data streams and
either inputs this set of features 508 into an about-to-eat
moment classifier 510 that has been trained to predict when
the user is in an about-to-eat moment based on the set of
features 508, or inputs the set of features 508 into a
regression-based time-to-next-eating-event predictor 512
that has been trained to predict the time remaining until the
onset of the next eating event for the user based on the set
of features 508. Whenever an output of the classifier 510
indicates that the user is currently in an about-to-eat
moment, the user notification sub-program 514 notifies the
user with a just-in-time eating intervention. Whenever an
output of the predictor 512 indicates that the current time
remaining until the onset of the next eating event for the user
is less than the aforementioned prescribed time threshold,
the user is notified with a just-in-time eating intervention.
[0048] FIG. 6 illustrates an exemplary implementation, in
simplified form, of an eating event prediction trainer com-
puter program for training a machine-learned eating event
predictor. As exemplified in FIG. 6, the eating event pre-
diction trainer computer program 600 includes a data stream
reception sub-program 604, a feature extraction sub-pro-
gram 606, and an eating event predictor training sub-
program 610. Each of these sub-programs 604/606/610 is
realized on a computing device such as that which is
described in more detail in the Exemplary Operating Envi-
ronments section which follows. More particularly and by
way of example but not limitation, in one implementation of
the wearable system described herein the sub-programs
604/606/610 may all be realized on the mobile computing
device that is carried by the user. In another implementation
of the wearable system one or more of the sub-programs
604/606/610 may be realized on the mobile computing
device and the other sub-programs may be realized on the
other computing devices that are remotely located from the
mobile computing device.

[0049] Referring again to FIG. 6, the data stream reception
sub-program 604 receives the data streams that are output
from the mobile sensors 602. The feature extraction sub-
program 606 periodically extracts the set of features 608
from each of the received data streams. The eating event
predictor training sub-program 610 uses this set of features
608 to train the machine-learned eating event predictor to
predict when an eating event for a user is about to occur.
After this training has been completed the eating event
predictor training sub-program 610 outputs the trained eat-
ing event predictor 612.

2.2 User Data Collection

[0050] As described heretofore, the wearable system
implementations described herein employ a multi-modal set
of mobile sensors each of which is either physically attached
to the body of, or carried by, a user. Each of the mobile
sensors is configured to continuously and passively measure
a different physiological variable associated with the user as
they go about their day. and output a time-stamped data
stream that includes the current value of this variable. The
wearable system implementations can employ one or more
of a wide variety of different types of mobile sensor tech-
nologies. For example, the set of mobile sensors may
include a conventional heart rate sensor that outputs a data
stream which includes the current heart rate of the user
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whose body the heart rate sensor is attached to. The set of
mobile sensors may also include a conventional skin tem-
perature sensor that outputs a data stream which includes the
current skin temperature of the user whose body the skin
temperature sensor is attached to. The set of mobile sensors
may also include a conventional 3-axis accelerometer that
outputs a data stream which includes the current three-
dimensional (3D) linear velocity of the user whose body the
accelerometer is attached to, or who is carrying the accel-
erometer. The set of mobile sensors may also include a
conventional gyroscope that outputs a data stream which
includes the current 3D angular velocity of the user whose
body is gyroscope is attached to, or who is carrying the
gyroscope. The set of mobile sensors may also include a
conventional global positioning system (GPS) sensor that
outputs a data stream which includes the current longitude of
the user whose body the GPS sensor is attached to, or who
is carrying the GPS sensor, and also outputs another data
stream that includes the current latitude of this user. As is
appreciated in the art of global positioning, the combination
of the user’s current longitude and latitude define the user’s
current physical location.

[0051] The set of mobile sensors may also include a
conventional electrodermal activity sensor that outputs a
data stream which includes the current electrodermal activ-
ity of a user whose body the electrodermal activity sensor is
physically attached to. As is appreciated in the art of emotion
analytics, electrodermal activity refers to electrical changes
measured at the surface of a person’s skin that arise when the
skin receives innervating signals from the person’s brain.
For most people, when they experience emotional arousal,
increased cognitive workload, or physical exertion, their
brain sends signals to their skin to increase their level of
sweating, which increases their skin’s electrical conductance
in a measurably significant way. As such, a person’s elec-
trodermal activity is a good indicator of their level of
psychological arousal. In a tested version of the wearable
system implementations described herein the conventional
Q sensor manufactured by Affectiva, Inc. was used for the
electrodermal activity sensor. However, it is noted that the
wearable system implementations also support the use of
any other type of electrodermal activity sensor.

[0052] The set of mobile sensors may also include a
conventional body conduction microphone (also referred to
as a bone conduction microphone) that outputs a data stream
which includes current non-speech body sounds that are
conducted through the body surface of a user whose body
the body conduction microphone is physically attached to.
In an exemplary implementation of the wearable system
described herein the body conduction microphone was
directly attached to the user’s skin in the laryngopharynx
region of the user’s neck. In a tested version of the wearable
system implementations described herein the conventional
BodyBeat piezoelectric-sensor-based microphone was used
for the body conduction microphone—this particular micro-
phone captures a diverse range of non-speech body sounds
(e.g., chewing and swallowing (among other sounds of food
intake), breath, laughter, cough, and the like). However, it is
noted that the wearable system implementations also support
the use of any other type of body conduction microphone.
[0053] The set of mobile sensors may also include a
conventional wearable computing device that provides
health and fitness tracking functionality, and outputs one or
more time-stamped data streams each of which includes the



US 2017/0172493 Al

current value of a different physiological variable associated
with a user whose body the wearable computing device is
physically attached to. For simplicity sake such a wearable
computing device is hereafter referred to as a health/fitness
tracking device. It will be appreciated that one or more of the
aforementioned different types of mobile sensors is inte-
grated into the health/fitness tracking device. In a tested
implementation of the wearable system described herein the
health/fitness tracking device was directly attached to the
user’s wrist. It is noted that many different types of health/
fitness tracking devices are commercially available today.
By way of example but not limitation, in a tested version of
the wearable system implementations described herein the
conventional Microsoft Band was used for the health/fitness
tracking device. In an exemplary implementation of the
wearable system the health/fitness tracking device outputs a
data stream that includes a current cumulative value for the
step count of the user. The wearable computing device also
outputs a data stream that includes a current cumulative
value for the calorie expenditure of the user. The wearable
computing device also outputs a data stream that includes
the current speed of movement of the part of the user’s body
to which the wearable computing device is attached. For
example, in the aforementioned tested implementation
where the wearable computing device was attached to the
user’s wrist, this data stream includes the current speed of
movement of the user’s arm.

[0054] The set of mobile sensors may also include the
aforementioned mobile computing device that is carried by
a user, and outputs one or more time-stamped data streams
each of which includes the current value of a different
physiological variable associated with the user. In an exem-
plary implementation of the wearable system described
herein the mobile computing device includes an application
that runs thereon and allows the user to manually enter/log
(e.g., self-report) various types of information correspond-
ing to each of their actual eating events. In a tested imple-
mentation of the wearable system this application allowed
the user to self-report when they begin a given eating event,
their affect (e.g., their emotional state) and stress level at the
beginning of the eating event, the intensity of their craving
and hunger at the beginning of the eating event, the type of
meal they consumed during the eating event, the amount of
food and the “healthiness” of the food they consumed during
the eating event, when they end the eating event, their affect
and stress level at the end of the eating event, and their level
of satisfaction/satiation at the end of the eating event. In an
exemplary realization of this tested implementation the user
reported their affect using the conventional Photographic
Affect Meter tool; the user reported their stress level, the
intensity of their craving and hunger, the amount of food
they consumed, the healthiness of the food they consumed,
and their level of satisfaction/satiation using a numeric scale
(e.g., one to seven). The mobile computing device outputs a
data stream that includes this self-reported information.

[0055] The mobile computing device that is carried by a
user may also output a data stream that includes the current
network location of the mobile computing device. As is
appreciated in the art of wireless networking, the current
network location of the mobile computing device may be
used to approximate the user’s current physical location in
the case where the data streams that include the current
longitude and current latitude of the user are not currently
available. The current network location of the mobile com-
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puting device can be determined using various conventional
methods. For example, the current network location of the
mobile computing device can be determined by performing
multilateration or triangulation between cell phone towers
having known physical locations, or between Wi-Fi base
stations having known physical locations.

[0056] FIGS. 7 and 8 illustrate an exemplary set of time-
stamped data streams, in simplified form, that is received
from the set of mobile sensors. More particularly, FIG. 7
illustrates a time-stamped data stream labeled “Microphone”
that includes current non-speech body sounds that are con-
ducted through the body surface of a user. FIG. 7 also
illustrates a time-stamped data stream labeled “Electroder-
mal Activity” that includes the current electrodermal activity
of the user. FIG. 7 also illustrates a time-stamped data stream
labeled “Accelerometer” that includes the current 3D linear
velocity of the user. FIG. 7 also illustrates a time-stamped
data stream labeled “Gyroscope” that includes the current
3D angular velocity of the user. FIG. 7 also illustrates a
time-stamped data stream labeled “Calorie Expenditure”
that includes a current cumulative value for the calorie
expenditure of the user. FIG. 7 also illustrates a time-
stamped data stream labeled “Step Count” that includes a
current cumulative value for the step count of the user. FIG.
8 illustrates a time-stamped data stream labeled “Speed Of
Movement” that includes the current speed of movement of
an arm of the user. FIG. 8 also illustrates a time-stamped
data stream labeled “Skin Temperature” that includes the
current skin temperature of the user. FIG. 8 also illustrates
a time-stamped data stream labeled “Heart Rate” that
includes the current heart rate of the user. FIG. 8 also
illustrates a time-stamped data stream labeled “Latitude”
that includes the current latitude of the user. FIG. 8 also
illustrates a time-stamped data stream labeled “Longitude”
that includes the current longitude of the user. FIG. 8 also
illustrates a time-stamped data stream labeled “Self Report”
that includes information the user manually entered/logged
into the aforementioned application that runs on the mobile
computing device.

2.3 Feature Extraction

[0057] FIG. 9 illustrates an exemplary implementation, in
simplified form, of a process for periodically extracting a set
of features from the data stream that is received from each
of the mobile sensors in the aforementioned set of mobile
sensors. As exemplified in FIG. 9, the process starts with the
following actions being performed for each of the data
streams that is received from the set of mobile sensors
(process action 900). First, the received data stream is
preprocessed (process action 902). The particular type(s) of
preprocessing that are performed on the received data stream
depends on the particular type of mobile sensor that output
the data stream and the particular type of physiological
variable that is measured by this mobile sensor. By way of
example but not limitation, whenever the data stream
received from a given mobile sensor includes the current 3D
linear velocity of a user, the received data stream prepro-
cessing includes normalizing the received data stream.
Whenever the data stream received from a given mobile
sensor includes the current 3D angular velocity of a user, the
received data stream preprocessing also includes normaliz-
ing the received data stream. Whenever the data stream
received from a given mobile sensor includes a current
cumulative value for the step count of a user, the received
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data stream preprocessing includes interpolating the
received data stream and then using differentiation on the
interpolated received data stream to estimate an instanta-
neous value for the step count of the user at each point in
time. Whenever the data stream received from a given
mobile sensor includes a current cumulative value for the
calorie expenditure of a user, the received data stream
preprocessing also includes interpolating the received data
stream and then using differentiation on the interpolated
received data stream to estimate an instantaneous value for
the calorie expenditure of the user at each point in time.

[0058] Whenever the data stream received from a given
mobile sensor includes the current electrodermal activity of
a user, the received data stream preprocessing includes the
following actions. First, the mean of the received data
stream is computed and this mean is subtracted from the
received data stream. The resulting data stream is then
decomposed into two different components, namely a slow-
varying (e.g., long-term response) tonic component, and a
fast-varying (e.g., instantaneous response) phasic compo-
nent. In an exemplary implementation of the wearable
system described herein the tonic component of the user’s
electrodermal activity is estimated by applying a low-pass
signal-filter with a cutoff frequency of 0.05 Hz to the
received data stream. In a tested version of this implemen-
tation a conventional Butterworth-type low-pass signal-filter
was used. Other implementations of the wearable system are
also possible that use other cutoff’ frequencies for the low-
pass signal-filter and other types of low-pass signal-filters.
In an exemplary implementation of the wearable system the
phasic component of the user’s electrodermal activity is
estimated by applying a band-pass signal-filter with cutoff
frequencies at 0.05 Hz and 1.0 Hz to the received data
stream. Other implementations of the wearable system are
also possible that use other cutoff frequencies for the band-
pass signal-filter.

[0059] Whenever the data stream received from a given
mobile sensor includes current non-speech body sounds that
are conducted through the body surface of a user, the
received data stream preprocessing includes detecting each
of the eating events in this data stream. In an exemplary
implementation of the wearable system described herein this
eating event detection is performed using a conventional
BodyBeat mastication and swallowing sound detection
method that detects characteristic eating sounds (such as
mastication and swallowing, among others) in the received
data stream. Whenever the data stream is received from the
aforementioned health/fitness tracking device, the received
data stream preprocessing can optionally also include re-
sampling the received data stream using a fixed sampling
frequency. This re-sampling is applicable in situations where
the sampling rate of the health/fitness tracking device varies
slightly over time, and is thus advantageous since it insures
that each of the data streams which are received from the
health/fitness tracking device have a sampling frequency
that is substantially constant across all the data in the
received data stream.

[0060] Referring again to FIG. 9, after the received data
stream has been preprocessed (action 902) a set of features
is periodically extracted from the preprocessed received data
stream (process action 904). In an exemplary implementa-
tion of the wearable system described herein this periodic
feature extraction is performed as follows. First, the prepro-
cessed received data stream is segmented into windows each
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of which has a prescribed uniform window length (e.g., time
duration) and a prescribed uniform window shift (process
action 906). Generally speaking, the window length deter-
mines the quality of the features that are being extracted
from the preprocessed received data stream (e.g., some
window lengths result in lower quality features, while other
window lengths result in higher quality features). In a tested
version of this implementation the window shift was set to
one minute, different window lengths between five minutes
and 120 minutes were tested, and an optimal window length
within this range was selected empirically based on the
performance of the about-to-eat moment classifier and the
regression-based time-to-next-eating-event predictor.

[0061] Referring again to FIG. 9, after the preprocessed
received data stream has been segmented into windows
(action 906) a set of statistical functions is applied to each
of the windows, where each of the statistical functions
extracts a different feature from each of the windows (pro-
cess action 908). It is noted that many different types of
features may be extracted from each of the windows in the
segmented preprocessed data stream. In an exemplary
implementation of the wearable system described herein the
features that may be extracted can be categorized as follows.
One category of extracted features captures the data
extremes within each of the windows. For example, one of
the statistical functions may determine the minimum data
value within each of the windows. Another one of the
statistical functions may determine the maximum data value
within each of the windows. Another category of extracted
features captures the data averages within each of the
windows. For example, one of the statistical functions may
determine the mean data value within each of the windows.
Another one of the statistical functions may determine the
root mean square data value within each of the windows.
Another category of extracted features captures the data
quartiles within each of the windows. For example, one of
the statistical functions may determine the first quartile of
the data within each of the windows. Another one of the
statistical functions may determine the second quartile of the
data within each of the windows. Yet another one of the
statistical functions may determine the third quartile of the
data within each of the windows. Another category of
extracted features captures the data dispersion within each of
the windows. For example, one of the statistical functions
may determine the standard deviation of the data within each
of the windows. Another one of the statistical functions may
determine the interquartile range of the data within each of
the windows. Another category of extracted features cap-
tures the data peaks within each of the windows. For
example, one of the statistical functions may determine the
total number of data peaks within each of the windows.
Another one of the statistical functions may determine the
mean distance between successive data peaks within each of
the windows. Yet another one of the statistical functions may
determine the mean amplitude of the data peaks within each
of the windows. Another category of extracted features
captures the rate of data change within each of the windows.
For example, one of the statistical functions may determine
the mean crossing rate of the data within each of the
windows (e.g., the mean frequency at which the data within
a given window crosses the mean data value within the
window). Another category of extracted features captures
the shape of the data within each of the windows. For
example, one of the statistical functions may determine the
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linear regression slope of the data within each of the
windows. Another category of extracted features captures
time-related information within each of the windows. For
example, one of the statistical functions may determine the
time that has elapsed since the beginning of the user’s day.
In an exemplary implementation of the wearable system the
beginning of the user’s day is the particular time in a given
day for the user that the wearable system starts receiving one
or more data streams from the set of mobile sensors. Another
one of the statistical functions may determine the time that
has elapsed since the last eating event for the user. In one
implementation of the wearable system the time of the last
eating event for the user may be determined from the
aforementioned information that the user manually enters/
logs into the application that runs on their mobile computing
device. In another implementation of the wearable system
the time of the last eating event for the user may be
determined from the data stream received from the body
conduction microphone that is physically attached to the
body of the user. Yet another one of the statistical functions
may determine the number of previous eating events for the
user since the beginning of the user’s day.

[0062] FIG. 10 illustrates the estimated contributions of
different groups of features in the training of a user-inde-
pendent about-to-eat moment classifier to predict about-to-
eat moments for any user. More particularly, the contribution
of each of the feature groups shown in FIG. 10 is estimated
by measuring how much the performance of the classifier
drops/decreases if the classifier is trained without the feature
group. As exemplified in FIG. 10, the conventional F-mea-
sure (also known as the balanced F-score) metric was used
to measure the performance of the classifier. As is shown in
FIG. 10, none of the feature groups contribute a large
drop/decrease in the performance of the classifier if they are
not used to train the classifier. However, all of the feature
groups except the location-related features (e.g., the latitude,
longitude, and network location related features) contribute
an increase in the performance of the classifier if they are
used to train the classifier. It is interesting to note that the top
contributing feature groups are the step-count-related fea-
tures followed by the calorie-expenditure-related features.
An intuitive basis for this might be that the step count of a
user at a certain time (e.g. lunchtime) from a certain
location (e.g., the user’s home or workplace) toward another
location such as a restaurant or cafe could be indicative of
an about-to-eat moment for the user. Similarly, a certain
calorie expenditure value for a user could be an indirect
indicator of hunger or craving and thus could also be
indicative of an about-to-eat moment for the user. It is also
interesting to note that the gyroscope-related features con-
tributed more than the accelerometer-related features. An
intuitive basis for this might be that the gyroscope-related
features may capture the characteristic hand gestures from
user activities prior to an eating event such as typing on a
keyboard, or opening a door, or walking, or the like. It is also
interesting to note that the current time also contributed
significantly which is intuitive since a user’s eating is
generally governed by a routine. It is also interesting to note
that both the electrodermal-activity-related features and the
heart-rate-related features contributed the least. If the clas-
sifier is trained without the location-related features the
performance of the classifier increases; this is due to the fact
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that each user generally has a different location at a given
point in time so the location-related features will generally
be different for each user.

2.4 About-To-Eat Moment Classifier Training

[0063] Each of the windows of extracted features that lie
within the boundary of the aforementioned about-to-eat
definition window is labeled as an about-to-eat moment.
Each of the windows of extracted features that lie outside the
boundary of the about-to-eat definition window 1s labeled as
a not-about-to-eat moment. The about-to-eat moment clas-
sifier is trained to distinguish between about-to-eat moments
and not-about-to-eat moments using conventional machine
learning methods. Since, as described heretofore, the loca-
tion-related features introduced noise in the extracted feature
space when these features are used to train a user-indepen-
dent about-to-eat moment classifier, no location-related fea-
tures were used to train the user-independent about-to-eat
moment classifier.

[0064] FIG. 11 illustrates the performance of the afore-
mentioned different types of about-to-eat moment classifiers
after they have been trained using the wearable system
implementations described herein. As exemplified in FIG.
11, the performance of each of the different types of about-
to-eat moment classifiers is measured in terms of recall (R),
precision (P) and F-measure (F) using a conventional Leave-
One-Person-Out (LOPO) cross-validation method and the
conventional WEKA (Waikato Environment for Knowledge
Analysis) suite of machine learning software. As is shown in
FIG. 11, the TreeBagger type classifier exhibits the highest
performance when the aforementioned selected subset of the
features is used to train the TreeBagger type classifier.
[0065] FIG. 12 illustrates how the performance of the
TreeBagger type about-to-eat moment classifier changes as
the aforementioned uniform window length that is used for
the periodic feature extraction is incrementally changed
from five minutes to 120 minutes. The performance mea-
surement data shown in FIG. 12 was collected with the size
of the aforementioned about-to-eat definition window being
set to 30 minutes. As exemplified in FIG. 12, both very small
and very large window lengths result in an increased per-
formance of the classifier. In fact, the highest performance of
the classifier is achieved (e.g., the highest quality features
are extracted) when the window length is set to 120 minutes.
[0066] FIG. 13 illustrates how the performance of the
TreeBagger type user-independent about-to-eat moment
classifier changes as the size of the about-to-eat definition
window is changed. Generally speaking, as the size of the
about-to-eat definition window is increased the about-to-eat
moments become more stringent. Changing the size of the
about-to-eat definition window also affects the performance
of the classifier. The following trade-off exists in selecting
the size of the about-to-eat definition window. As exempli-
fied in FIG. 13, as the size of the about-to-eat definition
window is increased the performance of the classifier gen-
erally increases. This intuitively makes sense since increas-
ing the size of the about-to-eat definition window gives the
classifier more opportunity to capture subtle patterns in the
extracted feature space and accurately predict the about-to-
eat moments for a user. However, larger sizes of the about-
to-eat definition window are less useful since, as described
heretofore, an intervention is most effective when it occurs
just before a person starts to perform an activity that the
intervention is intended to prevent from happening or curtail
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(e.g., when the intervention occurs as close as possible to the
beginning of a user’s next eating event).

2.5 Regression-Based
Predictor Training

[0067] The time remaining until the onset of the next
eating event for a user is estimated from the endpoint of each
of the windows that each of the aforementioned prepro-
cessed received data streams is segmented into. If this time
remaining from the endpoint of any particular window is
greater than or equal to a prescribed time remaining thresh-
old, the set of features that are extracted from this particular
window is ignored (e.g., this set of features is not used to
train the regression-based time-to-next-eating-event predic-
tor) since this particular window is assumed to capture a
non-eating life event (such as sleeping, among other types of
non-eating life events). In tested version of the wearable
system implementations described herein the time remain-
ing threshold was set to five hours.

[0068] FIG. 14 illustrates the performance of the afore-
mentioned different types of regression-based time-to-next-
eating-event predictors after they have been trained using
the wearable system implementations described herein. As
exemplified in FIG. 14, the performance of each of the
different types of regression-based time-to-next-eating-
event predictors is measured in terms of the conventional
Pearson correlation coeflicient (p) and mean absolute error
(MAE) using the aforementioned Leave-One-Person-Out
(LOPO) cross-validation method and the conventional
WEKA suite of machine learning software. As is shown in
FIG. 14, the TreeBagger type predictor exhibits the highest
performance when the aforementioned selected subset of the
features is used to train the TreeBagger type predictor.
[0069] FIG. 15 illustrates how the time remaining until the
onset of the next eating event for a user that is predicted by
a TreeBagger type user-independent regression-based time-
to-next-eating-event predictor performs with respect to a
ground truth reference, where the predictor is trained using
the selected subset of the features. The ground truth refer-
ence is considered to be zero during each eating event for the
user. As exemplified in FIG. 15, the predictor exhibits the
highest performance just before the start of an eating event.
[0070] FIG. 16 illustrates how the performance of the
TreeBagger type user-independent regression-based time-
to-next-eating-event predictor changes as the aforemen-
tioned uniform window length that is used for periodic
feature extraction is incrementally changed from five min-
utes to 120 minutes. As exemplified in FIG. 16, the highest
performance of the predictor is achieved (e.g., the highest
quality features are extracted) when the window length is set
to 100 minutes. Features extracted with window lengths less
than or greater than 100 minutes fail to capture the full
dynamics of users’ about-to-eat moments and thus result in
a degradation of the predictor’s performance.

Time-To-Next-Eating-Event

3.0 Other Implementations

[0071] While the wearable system has been described by
specific reference to implementations thereof, it is under-
stood that variations and modifications thereof can be made
without departing from the true spirit and scope of the
wearable system. By way of example but not limitation, in
addition to using the data streams that are received from the
set of mobile sensors to train a machine-learned eating event
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predictor as described heretofore, an alternate implementa-
tion of the wearable system is possible where these data
streams may be used to predict a user’s craving and hunger
during their about-to-eat moments. Additionally, the perfor-
mance of the machine-learned eating event predictor may be
further increased by selecting a set of user-specific features
that incorporate the idiosyncrasies of a specific user (e.g.,
their specific eating pattern, lifestyle, and the like). For
example, in a tested implementation of the wearable system
described herein where a TreeBagger type user-dependent
about-to-eat moment classifier was trained to predict about-
to-eat moments for a specific user, the about-to-eat moment
classifier exhibited a recall of 0.85, a precision of 0.82, and
an F-measure of 0.84. Similarly, in another tested imple-
mentation of the wearable system where a TreeBagger type
user-dependent regression-based time-to-next-eating-event
predictor was trained to predict the time remaining until the
onset of the next eating event for a specific user, the
time-to-next-eating-event predictor exhibited a Pearson cor-
relation coeflicient of 0.65.

[0072] It is noted that any or all of the aforementioned
implementations throughout the description may be used in
any combination desired to form additional hybrid imple-
mentations. In addition, although the subject matter has been
described in language specific to structural features and/or
methodological acts, it is to be understood that the subject
matter defined in the appended claims is not necessarily
limited to the specific features or acts described above.
Rather, the specific features and acts described above are
disclosed as example forms of implementing the claims.
[0073] What has been described above includes example
implementations. It is, of course, not possible to describe
every conceivable combination of components or method-
ologies for purposes of describing the claimed subject
matter, but one of ordinary skill in the art may recognize that
many further combinations and permutations are possible.
Accordingly, the claimed subject matter is intended to
embrace all such alterations, modifications, and variations
that fall within the spirit and scope of the appended claims.
[0074] Inregard to the various functions performed by the
above described components, devices, circuits, systems and
the like, the terms (including a reference to a “means”) used
to describe such components are intended to correspond,
unless otherwise indicated, to any component which per-
forms the specified function of the described component
(e.g., a functional equivalent), even though not structurally
equivalent to the disclosed structure, which performs the
fanction in the herein illustrated exemplary aspects of the
claimed subject matter. In this regard, it will also be recog-
nized that the foregoing implementations include a system
as well as a computer-readable storage media having com-
puter-executable instructions for performing the acts and/or
events of the various methods of the claimed subject matter.
[0075] There are multiple ways of realizing the foregoing
implementations (such as an appropriate application pro-
gramming interface (API), tool kit, driver code, operating
system, control, standalone or downloadable software
object, or the like), which enable applications and services
to use the implementations described herein. The claimed
subject matter contemplates this use from the standpoint of
an API (or other software object), as well as from the
standpoint of a software or hardware object that operates
according to the implementations set forth herein. Thus,
various implementations described herein may have aspects



US 2017/0172493 Al

that are wholly in hardware, or partly in hardware and partly
in software, or wholly in software.

[0076] The aforementioned systems have been described
with respect to interaction between several components. It
will be appreciated that such systems and components can
include those components or specified sub-components,
some of the specified components or sub-components, and/
or additional components, and according to various permu-
tations and combinations of the foregoing. Sub-components
can also be implemented as components communicatively
coupled to other components rather than included within
parent components (e.g., hierarchical components).

[0077] Additionally, it is noted that one or more compo-
nents may be combined into a single component providing
aggregate functionality or divided into several separate
sub-components, and any one or more middle layers, such as
a management layer, may be provided to communicatively
couple to such sub-components in order to provide inte-
grated functionality. Any components described herein may
also interact with one or more other components not spe-
cifically described herein but generally known by those of
skill in the art.

4.0 Exemplary Operating Environments

[0078] The wearable system implementations described
herein are operational within numerous types of general
purpose or special purpose computing system environments
or configurations. FIG. 17 illustrates a simplified example of
a general-purpose computer system on which various imple-
mentations and elements of the wearable system, as
described herein, may be implemented. It is noted that any
boxes that are represented by broken or dashed lines in the
simplified computing device 10 shown in FIG. 17 represent
alternate implementations of the simplified computing
device. As described below, any or all of these alternate
implementations may be used in combination with other
alternate implementations that are described throughout this
document. The simplified computing device 10 is typically
found in devices having at least some minimum computa-
tional capability such as personal computers (PCs), server
computers, handheld computing devices, laptop or mobile
computers, communications devices such as cell phones and
personal digital assistants (PDAs), multiprocessor systems,
microprocessor-based systems, set top boxes, programmable
consumer electronics, network PCs, minicomputers, main-
frame computers, and audio or video media players.
[0079] To allow a device to realize the wearable system
implementations described herein, the device should have a
sufficient computational capability and system memory to
enable basic computational operations. In particular, the
computational capability of the simplified computing device
10 shown in FIG. 17 is generally illustrated by one or more
processing unit(s) 12, and may also include one or more
graphics processing units (GPUs) 14, either or both in
communication with system memory 16. Note that that the
processing unit(s) 12 of the simplified computing device 10
may be specialized microprocessors (such as a digital signal
processor (DSP), a very long instruction word (VLIW)
processor, a field-programmable gate array (FPGA), or other
micro-controller) or can be conventional central processing
units (CPUs) having one or more processing cores.

[0080] In addition, the simplified computing device 10
may also include other components, such as, for example, a
communications interface 18. The simplified computing
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device 10 may also include one or more conventional
computer input devices 20 (e.g.. touchscreens, touch-sensi-
tive surfaces, pointing devices, keyboards, audio input
devices, voice or speech-based input and control devices,
video input devices, haptic input devices, devices for receiv-
ing wired or wireless data transmissions, and the like) or any
combination of such devices.

[0081] Similarly, various interactions with the simplified
computing device 10 and with any other component or
feature of the wearable system implementations described
herein, including input, output, control, feedback, and
response to one or more users or other devices or systems
associated with the wearable system implementations, are
enabled by a variety of Natural User Interface (NUI) sce-
narios. The NUI techniques and scenarios enabled by the
wearable system implementations include, but are not lim-
ited to, interface technologies that allow one or more users
user to interact with the wearable system implementations in
a “natural” manner, free from artificial constraints imposed
by input devices such as mice, keyboards, remote controls,
and the like.

[0082] Such NUI implementations are enabled by the use
of various techniques including, but not limited to, using
NUI information derived from user speech or vocalizations
captured via microphones or other sensors (e.g.. speech
and/or voice recognition). Such NUI implementations are
also enabled by the use of various techniques including, but
not limited to, information derived from a user’s facial
expressions and from the positions, motions, or orientations
of a user’s hands, fingers, wrists, arms, legs. body, head,
eyes, and the like, where such information may be captured
using various types of 2D or depth imaging devices such as
stereoscopic or time-of-flight camera systems, infrared cam-
era systems, RGB (red, green and blue) camera systems, and
the like, or any combination of such devices. Further
examples of such NUI implementations include, but are not
limited to, NUI information derived from touch and stylus
recognition, gesture recognition (both onscreen and adjacent
to the screen or display surface), air or contact-based ges-
tures, user touch (on various surfaces, objects or other
users), hover-based inputs or actions, and the like. Such NUI
implementations may also include, but are not limited, the
use of various predictive machine intelligence processes that
evaluate current or past user behaviors, inputs, actions, etc.,
either alone or in combination with other NUI information,
to predict information such as user intentions, desires, and/or
goals. Regardless of the type or source of the NUI-based
information, such information may then be used to initiate,
terminate, or otherwise control or interact with one or more
inputs, outputs, actions, or functional features of the wear-
able system implementations described herein.

[0083] However, it should be understood that the afore-
mentioned exemplary NUI scenarios may be further aug-
mented by combining the use of artificial constraints or
additional signals with any combination of NUT inputs. Such
artificial constraints or additional signals may be imposed or
generated by input devices such as mice, keyboards, and
remote controls, or by a variety of remote or user worn
devices such as accelerometers, electromyography (EMG)
sensors for receiving myoelectric signals representative of
electrical signals generated by user’s muscles, heart-rate
monitors, galvanic skin conduction sensors for measuring
user perspiration, wearable or remote biosensors for mea-
suring or otherwise sensing user brain activity or electric
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fields, wearable or remote biosensors for measuring user
body temperature changes or differentials, and the like, or
any of the other types of mobile sensors that have been
described heretofore. Any such information derived from
these types of artificial constraints or additional signals may
be combined with any one or more NUI inputs to initiate,
terminate, or otherwise control or interact with one or more
inputs, outputs, actions, or functional features of the wear-
able system implementations described herein.

[0084] The simplified computing device 10 may also
include other optional components such as one or more
conventional computer output devices 22 (e.g., display
device(s) 24, audio output devices, video output devices,
devices for transmitting wired or wireless data transmis-
sions, and the like). Note that typical communications
interfaces 18, input devices 20, output devices 22, and
storage devices 26 for general-purpose computers are well
known to those skilled in the art, and will not be described
in detail herein.

[0085] The simplified computing device 10 shown in FIG.
17 may also include a variety of computer-readable media.
Computer-readable media can be any available media that
can be accessed by the computer 10 via storage devices 26,
and can include both volatile and nonvolatile media that is
either removable 28 and/or non-removable 30, for storage of
information such as computer-readable or computer-execut-
able instructions, data structures, programs, sub-programs,
or other data. Computer-readable media includes computer
storage media and communication media. Computer storage
media refers to tangible computer-readable or machine-
readable media or storage devices such as digital versatile
disks (DVDs), blu-ray discs (BD), compact discs (CDs),
floppy disks, tape drives, hard drives, optical drives, solid
state memory devices, random access memory (RAM),
read-only memory (ROM), electrically erasable program-
mable read-only memory (EEPROM), CD-ROM or other
optical disk storage, smart cards, flash memory (e.g., card,
stick, and key drive), magnetic cassettes, magnetic tapes,
magnetic disk storage, magnetic strips, or other magnetic
storage devices. Further, a propagated signal is not included
within the scope of computer-readable storage media.
[0086] Retention of information such as computer-read-
able or computer-executable instructions, data structures,
programs, sub-programs, and the like, can also be accom-
plished by using any of a variety of the aforementioned
communication media (as opposed to computer storage
media) to encode one or more modulated data signals or
carrier waves, or other transport mechanisms or communi-
cations protocols, and can include any wired or wireless
information delivery mechanism. Note that the terms
“modulated data signal” or “carrier wave” generally refer to
a signal that has one or more of its characteristics set or
changed in such a manner as to encode information in the
signal. For example, communication media can include
wired media such as a wired network or direct-wired con-
nection carrying one or more modulated data signals, and
wireless media such as acoustic, radio frequency (RF),
infrared, laser, and other wireless media for transmitting
and/or receiving one or more modulated data signals or
carrier waves.

[0087] Furthermore, software, programs, sub-programs,
and/or computer program products embodying some or all
of the various wearable system implementations described
herein, or portions thereof, may be stored, received, trans-
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mitted, or read from any desired combination of computer-
readable or machine-readable media or storage devices and
communication media in the form of computer-executable
instructions or other data structures. Additionally, the
claimed subject matter may be implemented as a method,
apparatus, or article of manufacture using standard program-
ming and/or engineering techniques to produce software,
firmware, hardware, or any combination thereof to control a
computer to implement the disclosed subject matter. The
term “article of manufacture” as used herein is intended to
encompass a computer program accessible from any com-
puter-readable device, or media.

[0088] The wearable system implementations described
herein may be further described in the general context of
computer-executable instructions, such as programs and
sub-programs, being executed by a computing device. Gen-
erally, sub-programs include routines, programs, objects,
components, data structures, and the like, that perform
particular tasks or implement particular abstract data types.
The wearable system implementations may also be practiced
in distributed computing environments where tasks are
performed by one or more remote processing devices, or
within a cloud of one or more devices, that are linked
through one or more communications networks. In a dis-
tributed computing environment, sub-programs may be
located in both local and remote computer storage media
including media storage devices. Additionally, the afore-
mentioned instructions may be implemented, in part or in
whole, as hardware logic circuits, which may or may not
include a processor.

[0089] Alternatively, or in addition, the functionality
described herein can be performed, at least in part, by one or
more hardware logic components. For example, and without
limitation, illustrative types of hardware logic components
that can be used include FPGAs, application-specific inte-
grated circuits (ASICs), application-specific standard prod-
ucts (ASSPs), system-on-a-chip systems (SOCs), complex
programmable logic devices (CPLDs), and so on.

5.0 Claim Support and Further Implementations

[0090] The following paragraphs summarize various
examples of implementations which may be claimed in the
present document. However, it should be understood that the
implementations summarized below are not intended to limit
the subject matter which may be claimed in view of the
foregoing descriptions. Further, any or all of the implemen-
tations summarized below may be claimed in any desired
combination with some or all of the implementations
described throughout the foregoing description and any
implementations illustrated in one or more of the figures,
and any other implementations described below. In addition,
it should be noted that the following implementations are
intended to be understood in view of the foregoing descrip-
tion and figures described throughout this document.

[0091] In one implementation, a system is employed for
predicting eating events for a user. This system includes a set
of mobile sensors, each of the mobile sensors being config-
ured to continuously measure a different physiological vari-
able associated with the user and output a time-stamped data
stream that includes the current value of this variable. The
system also includes an eating event forecaster that includes
one or more computing devices, these computing devices
being in communication with each other via a computer
network whenever there is a plurality of computing devices,
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and a computer program having a plurality of sub-programs
executable by the one or more computing devices. The one
or more computing devices are directed by the sub-programs
of the computer program to, for each of the mobile sensors,
receive the data stream output from the mobile sensor, and
periodically extract a set of features from this received data
stream, these features, which are among many features that
can be extracted from this received data stream, having been
determined to be specifically indicative of an about-to-eat
moment, input the set of features that is periodically
extracted from the data stream received from each of the
mobile sensors into an about-to-eat moment classifier that
has been trained to predict when the user is in an about-to-
eat moment based on this set of features, and whenever an
output of the classifier indicates that the user is currently in
an about-to-eat moment, notify the user with a just-in-time
eating intervention.

[0092] In one implementation of the just-described sys-
tem, the mobile sensors include one or more of: a wearable
computing device that is physically attached to the body of
the user and provides health and fitness tracking function-
ality for the user; or a mobile computing device that is
carried by the user. In another implementation the mobile
sensors include one or more of: a heart rate sensor that is
physically attached to the body of the user; or a skin
temperature sensor that is physically attached to the body of
the user; or an accelerometer that is physically attached to or
carried by the user; or a gyroscope that is physically attached
to or carried by the user; or a global positioning system
sensor that is physically attached to or carried by the user;
or an electrodermal activity sensor that is physically
attached to the body of the user; or a body conduction
microphone that is physically attached to the body of the
user. In another implementation, the classifier includes one
of: a linear type classifier; or a reduced error pruning type
classifier; or a support vector machine type classifier; or a
TreeBagger type classifier.

[0093] In another implementation one of the computing
devices includes a mobile computing device that is carried
by the user, and the user notification includes one or more of:
amessage that is displayed on a display screen of the mobile
computing device; or an audible alert that is output from the
mobile computing device; or a haptic alert that is output
from the mobile computing device. In another implementa-
tion the received data stream includes one of: the current
heart rate of the user; or the current skin temperature of the
user; or the current three-dimensional linear velocity of the
user; or the current three-dimensional angular velocity of the
user; or the current longitude of the user; or the current
latitude of the user; or the current electrodermal activity of
the user; or current non-speech body sounds that are con-
ducted through the body surface of the user, these sounds
including the chewing and swallowing sounds of the user; or
a current cumulative value for the step count of the user; or
a current cumulative value for the calorie expenditure of the
user; or the current speed of movement of an arm of the user.

[0094] In another implementation the sub-program for
periodically extracting a set of features from the received
data stream includes sub-programs for: preprocessing the
received data stream; and periodically extracting the set of
features from the preprocessed received data stream, this
periodic extraction including sub-programs for, segmenting
the preprocessed received data stream into windows each of
which includes a prescribed uniform window length and a
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prescribed uniform window shift, and applying a set of
statistical functions to each of these windows, each of the
statistical functions extracting a different feature from each
of these windows. In another implementation the sub-pro-
gram for preprocessing the received data stream includes
sub-programs for: whenever the received data stream
includes the current three-dimensional linear velocity of the
user, normalizing the received data stream; whenever the
received data stream includes the current three-dimensional
angular velocity of the user, normalizing the received data
stream; whenever the received data stream includes a current
cumulative value for the step count of the user, interpolating
the received data stream, and using differentiation on the
interpolated received data stream to estimate an instanta-
neous value for the step count of the user at each point in
time; whenever the received data stream includes a current
cumulative value for the calorie expenditure of the user,
interpolating the received data stream, and using differen-
tiation on the interpolated received data stream to estimate
an instantaneous value for the calorie expenditure of the user
at each point in time; whenever the received data stream
includes the current electrodermal activity of the user,
computing the mean of the received data stream, subtracting
this mean from the received data stream, and decomposing
the resulting data stream into a slow-varying tonic compo-
nent and a fast-varying phasic component; and whenever the
received data stream includes current non-speech body
sounds that are conducted through the body surface of the
user, detecting each of the eating events in the received data
stream. In another implementation, the sub-program for
detecting each of the eating events in the received data
stream includes a sub-program for using a BodyBeat mas-
tication and swallowing sound detection method to detect
characteristic eating sounds in the received data stream.

[0095] In another implementation the set of features that is
periodically extracted from the preprocessed received data
stream includes two or more of: the minimum data value
within each of the windows; or the maximum data value
within each of the windows; or the mean data value within
each of the windows; or the root mean square data value
within each of the windows; or the first quartile of the data
within each of the windows; or the second quartile of the
data within each of the windows; or the third quartile of the
data within each of the windows; or the standard deviation
of the data within each of the windows; or the interquartile
range of the data within each of the windows; or the total
number of data peaks within each of the windows; or the
mean distance between successive data peaks within each of
the windows; or the mean amplitude of the data peaks within
each of the windows; or the mean crossing rate of the data
within each of the windows; or the linear regression slope of
the data within each of the windows; or the time that has
elapsed since the beginning of the day for the user; or the
time that has elapsed since the last eating event for the user;
or the number of previous eating events for the user since the
beginning of the day for the user.

[0096] The implementations described in any of the pre-
vious paragraphs in this section may also be combined with
each other, and with one or more of the implementations and
versions described prior to this section. For example, some
or all of the preceding implementations and versions may be
combined with the foregoing implementation where the
classifier includes one of: a linear type classifier; or a
reduced error pruning type classifier; or a support vector
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machine type classifier; or a TreeBagger type classifier. In
addition, some or all of the preceding implementations may
be combined with the foregoing implementation where the
sub-program for periodically extracting a set of features
from the received data stream includes sub-programs for:
preprocessing the received data stream; and periodically
extracting the set of features from the preprocessed received
data stream, this periodic extraction including sub-programs
for, segmenting the preprocessed received data stream into
windows each of which includes a prescribed uniform
window length and a prescribed uniform window shift, and
applying a set of statistical functions to each of these
windows, each of the statistical functions extracting a dif-
ferent feature from each of these windows.

[0097] In another implementation, a system is employed
for predicting eating events for a user. This system includes
a set of mobile sensors, each of the mobile sensors being
configured to continuously measure a different physiological
variable associated with the user and output a time-stamped
data stream that includes the current value of this variable.
The system also includes an eating event forecaster that
includes one or more computing devices, these computing
devices being in communication with each other via a
computer network whenever there is a plurality of comput-
ing devices, and a computer program having a plurality of
sub-programs executable by the one or more computing
devices, the one or more computing devices being directed
by the sub-programs of the computer program to, for each of
the mobile sensors, receive the data stream output from the
mobile sensor, and periodically extract a set of features from
this received data stream, these features, which are among
many features that can be extracted from this received data
stream, having been determined to be specifically indicative
of an about-to-eat moment, input the set of features that is
periodically extracted from the data stream received from
each of the mobile sensors into a regression-based time-to-
next-eating-event predictor that has been trained to predict
the time remaining until the onset of the next eating event for
the user based on this set of features, and whenever an output
of the predictor indicates that the current time remaining
until the onset of the next eating event for the user is less
than a prescribed threshold, notify the user with a just-in-
time eating intervention.

[0098] In one implementation of the just-described sys-
tem, the predictor includes one of: a linear type predictor; or
a reduced error pruning type predictor; or a sequential
minimal optimization type predictor; or a TreeBagger type
predictor. In another implementation one of the computing
devices includes a mobile computing device that is carried
by the user, and the user notification includes one or more of:
a message that is displayed on a display screen of the mobile
computing device; or an audible alert that is output from the
mobile computing device; or a haptic alert that is output
from the mobile computing device. In another implementa-
tion the received data stream includes one of: the current
heart rate of the user; or the current skin temperature of the
user; or the current three-dimensional linear velocity of the
user; or the current three-dimensional angular velocity of the
user; or the current longitude of the user; or the current
latitude of the user; or the current electrodermal activity of
the user; or current non-speech body sounds that are con-
ducted through the body surface of the user, these sounds
including the chewing and swallowing sounds of the user; or
a current cumulative value for the step count of the user; or
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a current cumulative value for the calorie expenditure of the
user; or the current speed of movement of an arm of the user.

[0099] In another implementation the sub-program for
periodically extracting a set of features from the received
data stream includes sub-programs for: preprocessing the
received data stream; and periodically extracting the set of
features from the preprocessed received data stream, this
periodic extraction including sub-programs for, segmenting
the preprocessed received data stream into windows each of
which includes a prescribed uniform window length and a
prescribed uniform window shift, and applying a set of
statistical functions to each of these windows, each of the
statistical functions extracting a different feature from each
of these windows. In another implementation the set of
features that is periodically extracted from the preprocessed
received data stream includes two or more of: the minimum
data value within each of the windows; or the maximum data
value within each of the windows; or the mean data value
within each of the windows; or the root mean square data
value within each of the windows; or the first quartile of the
data within each of the windows; or the second quartile of
the data within each of the windows; or the third quartile of
the data within each of the windows; or the standard
deviation of the data within each of the windows; or the
interquartile range of the data within each of the windows;
or the total number of data peaks within each of the
windows; or the mean distance between successive data
peaks within each of the windows; or the mean amplitude of
the data peaks within each of the windows; or the mean
crossing rate of the data within each of the windows; or the
linear regression slope of the data within each of the
windows; or the time that has elapsed since the beginning of
the day for the user; or the time that has elapsed since the last
eating event for the user; or the number of previous eating
events for the user since the beginning of the day for the
user.

[0100] As indicated previously, the implementations
described in any of the previous paragraphs in this section
may also be combined with each other, and with one or more
of the implementations and versions described prior to this
section. For example, some or all of the preceding imple-
mentations and versions may be combined with the forego-
ing implementation where the sub-program for periodically
extracting a set of features from the received data stream
includes sub-programs for: preprocessing the received data
stream; and periodically extracting the set of features from
the preprocessed received data stream, this periodic extrac-
tion including sub-programs for, segmenting the prepro-
cessed received data stream into windows each of which
includes a prescribed uniform window length and a pre-
scribed uniform window shift, and applying a set of statis-
tical functions to each of these windows, each of the
statistical functions extracting a different feature from each
of these windows.

[0101] In another implementation, a system is employed
for training a machine-learned eating event predictor. This
system includes a set of mobile sensors, each of the mobile
sensors being configured to continuously measure a different
physiological variable associated with each of one or more
users and output a time-stamped data stream that includes
the current value of this variable. The system also includes
an eating event prediction trainer that includes one or more
computing devices, these computing devices being in com-
munication with each other via a computer network when-
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ever there is a plurality of computing devices, and a com-
puter program having a plurality of sub-programs executable
by the one or more computing devices, the one or more
computing devices being directed by the sub-programs of
the computer program to, for each of the mobile sensors,
receive the data stream output from the mobile sensor, and
periodically extract a set of features from this received data
stream, these features, which are among many features that
can be extracted from this received data stream, having been
determined to be specifically indicative of an about-to-eat
moment, use the set of features that is periodically extracted
from the data stream received from each of the mobile
sensors to train the predictor to predict when an eating event
for a user is about to occur, and output the trained predictor.

[0102] In one implementation of the just-described sys-
tem, the predictor includes an about-to-eat moment classifier
that is trained to predict when a user is in an about-to-eat
moment. In another implementation the predictor includes a
regression-based time-to-next-eating-event predictor, the
sub-program for periodically extracting a set of features
from the received data stream includes a sub-program for
mapping each of the features in the set of features that is
periodically extracted from the received data stream to the
current time remaining until the next eating event, this
current time remaining being determined by analyzing the
data stream received from each of the mobile sensors, and
the sub-program for using the set of features that is peri-
odically extracted from the data stream received from each
of the mobile sensors to train the predictor to predict when
an eating event for a user is about to occur includes a
sub-program for using the set of features that is periodically
extracted from the data stream received from each of the
mobile sensors in combination with this mapping of each of
the features in this set of features to train the time-to-next-
eating-event predictor to predict the time remaining until the
onset of the next eating event for the user.

[0103] In another implementation the sub-program for
using the set of features that is periodically extracted from
the data stream received from each of the mobile sensors to
train the predictor to predict when an eating event for a user
is about to occur includes sub-programs for: inputting the set
of features that is periodically extracted from the data stream
received from each of the mobile sensors into an overall set
of features; using a combination of a correlation-based
feature selection method and a best-first decision tree
machine learning method to select a subset of the features in
the overall set of features; and using the selected subset of
the features to train the predictor to predict when an eating
event for a user is about to occur.

[0104] In one implementation, an eating event prediction
system is implemented by a means for predicting eating
events for a user. The eating event prediction system
includes a set of mobile sensing means for continuously
measuring physiological variables associated with the user,
each of the mobile sensing means being configured to
continuously measure a different physiological variable
associated with the user and output a time-stamped data
stream that includes the current value of this variable. The
eating event prediction system also includes a forecasting
means for forecasting eating events that includes one or
more computing devices, these computing devices being in
communication with each other via a computer network
whenever there is a plurality of computing devices, these
computing devices including processors configured to

Jun. 22,2017

execute, for each of the mobile sensing means, a data
reception step for receiving the data stream output from the
mobile sensing means, and a feature extraction step for
periodically extracting a set of features from this received
data stream, these features, which are among many features
that can be extracted from this received data stream, having
been determined to be specifically indicative of an about-
to-eat moment, an inputting step for inputting the set of
features that is periodically extracted from the data stream
received from each of the mobile sensing means into a
classification means for predicting about-to-eat moments
that has been trained to predict when the user is in an
about-to-eat moment based on this set of features, and
whenever an output of the classification means indicates that
the user is currently in an about-to-eat moment, a user
notification step for notifying the user with a just-in-time
eating intervention.

[0105] In one implementation of the just-described eating
event prediction system the mobile sensing means include
one or more of: a wearable computing device that is physi-
cally attached to the body of the user and provides health and
fitness tracking functionality for the user; or a mobile
computing device that is carried by the user. In another
implementation the mobile sensing means includes one or
more of: a heart rate sensor that is physically attached to the
body of the user; or a skin temperature sensor that is
physically attached to the body of the user; or an acceler-
ometer that is physically attached to or carried by the user;
or a gyroscope that 1s physically attached to or carried by the
user; or a global positioning system sensor that is physically
attached to or carried by the user; or an electrodermal
activity sensor that is physically attached to the body of the
user; or a body conduction microphone that is physically
attached to the body of the user. In another implementation
the classification means includes one of: a linear type
classifier; or a reduced error pruning type classifier; or a
support vector machine type classifier; or a TreeBagger type
classifier.

[0106] In another implementation the feature extraction
step for periodically extracting a set of features from the
received data stream includes: a preprocessing step for
preprocessing the received data stream; and a periodic
extraction step for periodically extracting the set of features
from the preprocessed received data stream, this periodic
extraction step including, a segmentation step for segment-
ing the preprocessed received data stream into windows
each of which includes a prescribed uniform window length
and a prescribed uniform window shift, and a function
application step for applying a set of statistical functions to
each of these windows, each of the statistical functions
extracting a different feature from each of these windows. In
another implementation the preprocessing step for prepro-
cessing the received data stream includes: whenever the
received data stream includes the current three-dimensional
linear velocity of the user, a normalization step for normal-
izing the received data stream; whenever the received data
stream includes the current three-dimensional angular veloc-
ity of the user, a normalization step for normalizing the
received data stream; whenever the received data stream
includes a current cumulative value for the step count of the
user, an interpolation step for interpolating the received data
stream, and a differentiation step for using differentiation on
the interpolated received data stream to estimate an instan-
taneous value for the step count of the user at each point in
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time; whenever the received data stream includes a current
cumulative value for the calorie expenditure of the user, an
interpolation step for interpolating the received data stream,
and a differentiation step for using differentiation on the
interpolated received data stream to estimate an instanta-
neous value for the calorie expenditure of the user at each
point in time; whenever the received data stream includes
the current electrodermal activity of the user, a mean com-
putation step for computing the mean of the received data
stream, a mean subtraction step for subtracting this mean
from the received data stream, and a decomposition step for
decomposing the resulting data stream into a slow-varying
tonic component and a fast-varying phasic component; and
whenever the received data stream includes current non-
speech body sounds that are conducted through the body
surface of the user, a detection step for detecting each of the
eating events in the received data stream.

[0107] In one implementation, an eating event prediction
system is implemented by a means for predicting eating
events for a user. The eating event prediction system
includes a set of mobile sensing means for continuously
measuring physiological variables associated with the user,
each of the mobile sensing means being configured to
continuously measure a different physiological variable
associated with the user and output a time-stamped data
stream that includes the current value of this variable. The
eating event prediction system also includes a forecasting
means for forecasting eating events that includes one or
more computing devices, these computing devices being in
communication with each other via a computer network
whenever there is a plurality of computing devices, these
computing devices including processors configured to
execute, for each of the mobile sensing means, a data
reception step for receiving the data stream output from the
mobile sensing means, and a feature extraction step for
periodically extracting a set of features from this received
data stream, these features, which are among many features
that can be extracted from this received data stream, having
been determined to be specifically indicative of an about-
to-eat moment, an inputting step for inputting the set of
features that is periodically extracted from the data stream
received from each of the mobile sensing means into a
regression-based prediction means for predicting the time
remaining until the onset of an eating event that has been
trained to predict the time remaining until the onset of the
next eating event for the user based on this set of features,
and whenever an output of the prediction means indicates
that the current time remaining until the onset of the next
eating event for the user is less than a prescribed threshold,
a user notification step for notifying the user with a just-in-
time eating intervention.

[0108] In one implementation of the just-described eating
event prediction system the prediction means includes one
of: a linear type predictor; or a reduced error pruning type
predictor; or a sequential minimal optimization type predic-
tor; or a TreeBagger type predictor. In another implemen-
tation the feature extraction step for periodically extracting
a set of features from the received data stream includes: a
preprocessing step for preprocessing the received data
stream; and a periodic extraction step for periodically
extracting the set of features from the preprocessed received
data stream, this periodic extraction step including, a seg-
mentation step for segmenting the preprocessed received
data stream into windows each of which includes a pre-

Jun. 22,2017

scribed uniform window length and a prescribed uniform
window shift, and a function application step for applying a
set of statistical functions to each of these windows, each of
the statistical functions extracting a different feature from
each of these windows.

[0109] In one implementation, a predictor training system
is implemented by a means for training a machine-learned
eating event predictor. The predictor training system
includes a set of mobile sensing means for continuously
measuring physiological variables associated with one or
more users, each of the mobile sensing means being con-
figured to continuously measure a different physiological
variable associated with each of the one or more users and
output a time-stamped data stream that includes the current
value of this variable. The predictor training system also
includes a training means for training the predictor that
includes one or more computing devices, these computing
devices being in communication with each other via a
computer network whenever there is a plurality of comput-
ing devices, these computing devices including processors
configured to execute, for each of the mobile sensing means,
a data reception step for receiving the data stream output
from the mobile sensing means, and a feature extraction step
for periodically extracting a set of features from this
received data stream, these features, which are among many
features that can be extracted from this received data stream,
having been determined to be specifically indicative of an
about-to-eat moment, a feature utilization step for using the
set of features that is periodically extracted from the data
stream received from each of the mobile sensing means to
train the predictor to predict when an eating event for a user
is about to occur, and an outputting step for outputting the
trained predictor.

[0110] In one implementation of the just-described pre-
dictor training system the predictor includes a regression-
based time-to-next-eating-event predictor, the feature
extraction step for periodically extracting a set of features
from the received data stream includes a mapping step for
mapping each of the features in the set of features that is
periodically extracted from the received data stream to the
current time remaining until the next eating event, this
current time remaining being determined by analyzing the
data stream received from each of the mobile sensing means,
and the feature utilization step for using the set of features
that is periodically extracted from the data stream received
from each of the mobile sensing means to train the predictor
to predict when an eating event for a user is about to occur
includes a training step for using the set of features that is
periodically extracted from the data stream received from
each of the mobile sensing means in combination with the
mapping of each of the features in this set of features to train
the time-to-next-eating-event predictor to predict the time
remaining until the onset of the next eating event for the
user.

[0111] In another implementation the feature utilization
step for using the set of features that is periodically extracted
from the data stream received from each of the mobile
sensing means to train the predictor to predict when an
eating event for a user is about to occur includes: an
inputting step for inputting the set of features that is peri-
odically extracted from the data stream received from each
of the mobile sensors into an overall set of features; a feature
selection step for using a combination of a correlation-based
feature selection method and a best-first decision tree
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machine learning method to select a subset of the features in
the overall set of features; and a training step for using the
selected subset of the features to train the predictor to predict
when an eating event for a user is about to occur.

Wherefore, what is claimed is:

1. A system for predicting eating events for a user,

comprising:

a set of mobile sensors, each of the mobile sensors being
configured to continuously measure a different physi-
ological variable associated with the user and output a
time-stamped data stream comprising the current value
of said variable; and

an eating event forecaster comprising one or more com-
puting devices, said computing devices being in com-
munication with each other via a computer network
whenever there is a plurality of computing devices, and
a computer program having a plurality of sub-programs
executable by the one or more computing devices, the
one or more computing devices being directed by the
sub-programs of the computer program to,
for each of the mobile sensors,

receive the data stream output from the mobile
sensor, and
periodically extract a set of features from said
received data stream, said features, which are
among many features that can be extracted from
said received data stream, having been determined
to be specifically indicative of an about-to-eat
moment,
input the set of features that is periodically extracted
from the data stream received from each of the
mobile sensors into an about-to-eat moment classi-
fier that has been trained to predict when the user is
in an about-to-eat moment based on said set of
feawres, and
whenever an output of the classifier indicates that the
user is currently in an about-to-eat moment, notify
the user with a just-in-time eating intervention.

2. The system of claim 1, wherein the mobile sensors

comprise one or more of:

awearable computing device that is physically attached to
the body of the user and provides health and fitness
tracking functionality for the user; or

a mobile computing device that is carried by the user.

3. The system of claim 1, wherein the mobile sensors

comprise one or more of:

a heart rate sensor that is physically attached to the body
of the user; or

a skin temperature sensor that is physically attached to the
body of the user; or

an accelerometer that is physically attached to or carried
by the user; or

a gyroscope that is physically attached to or carried by the
user; or

a global positioning system sensor that is physically
attached to or carried by the user; or

an electrodermal activity sensor that is physically attached
to the body of the user; or

a body conduction microphone that is physically attached
to the body of the user.

4. The system of claim 1, wherein the classifier comprises

one of

a linear type classifier; or

a reduced error pruning type classifier; or

Jun. 22,2017

a support vector machine type classifier; or

a TreeBagger type classifier.

5. The system of claim 1, wherein,

one of the computing devices comprises a mobile com-

puting device that is carried by the user, and

said user notification comprises one or more of:

a message that is displayed on a display screen of the
mobile computing device; or

an audible alert that is output from the mobile com-
puting device; or

a haptic alert that is output from the mobile computing
device.

6. The system of claim 1, wherein said received data
stream comprises one of:

the current heart rate of the user; or

the current skin temperature of the user; or

the current three-dimensional linear velocity of the user;

or

the current three-dimensional angular velocity of the user;

or

the current longitude of the user; or

the current latitude of the user; or

the current electrodermal activity of the user; or

current non-speech body sounds that are conducted

through the body surface of the user, said sounds
comprising the chewing and swallowing sounds of the
user; or

a current cumulative value for the step count of the user;

or

a current cumulative value for the calorie expenditure of

the user; or

the current speed of movement of an arm of the user.

7. The system of claim 1, wherein the sub-program for
periodically extracting a set of features from said received
data stream comprises sub-programs for:

preprocessing said received data stream; and

periodically extracting the set of features from the pre-

processed received data stream, said periodic extraction

comprising sub-programs for,

segmenting the preprocessed received data stream into
windows each of which comprises a prescribed uni-
form window length and a prescribed uniform win-
dow shift, and

applying a set of statistical functions to each of said
windows, each of the statistical functions extracting
a different feature from each of said windows.

8. The system of claim 7, wherein the sub-program for
preprocessing said received data stream comprises sub-
programs for:

whenever said received data stream comprises the current

three-dimensional linear velocity of the user, normal-
izing said received data stream;

whenever said received data stream comprises the current

three-dimensional angular velocity of the user, normal-
izing said received data stream;

whenever said received data stream comprises a current

cumulative value for the step count of the user, inter-
polating said received data stream, and using differen-
tiation on the interpolated received data stream to
estimate an instantaneous value for the step count of the
user at each point in time;

whenever said received data stream comprises a current

cumulative value for the calorie expenditure of the user,
interpolating said received data stream, and using dif-
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ferentiation on the interpolated received data stream to
estimate an instantaneous value for the calorie expen-
diture of the user at each point in time;

whenever said received data stream comprises the current
electrodermal activity of the user, computing the mean
of said received data stream, subtracting said mean
from said received data stream, and decomposing the
resulting data stream into a slow-varying tonic com-
ponent and a fast-varying phasic component; and

whenever said received data stream comprises current
non-speech body sounds that are conducted through the
body surface of the user, detecting each of the eating
events in said received data stream.

9. The system of claim 8, wherein the sub-program for
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a computer program having a plurality of sub-programs
executable by the one or more computing devices, the
one or more computing devices being directed by the
sub-programs of the computer program to,
for each of the mobile sensors,
receive the data stream output from the mobile
sensor, and
periodically extract a set of features from said
received data stream, said features, which are
among many features that can be extracted from
said received data stream, having been determined
to be specifically indicative of an about-to-eat
moment,
input the set of features that is periodically extracted

detecting each of the eating events in said received data
stream comprises a sub-program for using a BodyBeat
mastication and swallowing sound detection method to
detect characteristic eating sounds in said received data

from the data stream received from each of the
mobile sensors into a regression-based time-to-next-
eating-event predictor that has been trained to predict
the time remaining until the onset of the next eating
strean. event for the user based on said set of features, and

10. The system of claim 7, wherein the set of features that whenever an output of the predictor indicates that the
is periodically extracted from the preprocessed received data cutrent time remaining until the onset of the next

stream comprises two or more of: eating event for the user is less than a prescribed

the minimum data value within each of said windows; or

the maximum data value within each of said windows; or

the mean data value within each of said windows; or
the root mean square data value within each of said
windows; or

the first quartile of the data within each of said windows;
or

the second quartile of the data within each of said win-
dows; or

the third quartile of the data within each of said windows;
or

the standard deviation of the data within each of said
windows; or

the interquartile range of the data within each of said
windows; or

the total number of data peaks within each of said
windows; or

the mean distance between successive data peaks within
each of said windows; or

the mean amplitude of the data peaks within each of said
windows; or

the mean crossing rate of the data within each of said
windows; or

the linear regression slope of the data within each of said
windows; or

the time that has elapsed since the beginning of the day for
the user; or

the time that has elapsed since the last eating event for the
user; or

the number of previous eating events for the user since the
beginning of the day for the user.

11. A system for predicting eating events for a user,

comprising:

a set of mobile sensors, each of the mobile sensors being
configured to continuously measure a different physi-
ological variable associated with the user and output a
time-stamped data stream comprising the current value
of said variable; and

an eating event forecaster comprising one or more com-
puting devices, said computing devices being in com-
munication with each other via a computer network
whenever there is a plurality of computing devices, and

threshold, notify the user with a just-in-time eating
intervention.

12. The system of claim 11, wherein the predictor com-

prises one of:

a linear type predictor; or
a reduced error pruning type predictor; or
a sequential minimal optimization type predictor; or
a TreeBagger type predictor.
13. The system of claim 11, wherein,
one of the computing devices comprises a mobile com-
puting device that is carried by the user, and
said user notification comprises one or more of:
a message that is displayed on a display screen of the
mobile computing device; or
an audible alert that is output from the mobile com-
puting device; or
a haptic alert that is output from the mobile computing
device.
14. The system of claim 11, wherein said received data

stream comprises one of:

the current heart rate of the user; or

the current skin temperature of the user; or

the current three-dimensional linear velocity of the user;
or

the current three-dimensional angular velocity of the user;
or

the current longitude of the user; or

the current latitude of the user; or

the current electrodermal activity of the user; or

current non-speech body sounds that are conducted
through the body surface of the user, said sounds
comprising the chewing and swallowing sounds of the
user; or

a current cumulative value for the step count of the user;
or

a current cumulative value for the calorie expenditure of
the user; or

the current speed of movement of an arm of the user.

15. The system of claim 11, wherein the sub-program for

periodically extracting a set of features from said received
data stream comprises sub-programs for:
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preprocessing said received data stream; and

periodically extracting the set of features from the pre-

processed received data stream, said periodic extraction

comprising sub-programs for,

segmenting the preprocessed received data stream into
windows each of which comprises a prescribed uni-
form window length and a prescribed uniform win-
dow shift, and

applying a set of statistical functions to each of said
windows, each of the statistical functions extracting
a different feature from each of said windows.

16. The system of claim 15, wherein the set of features
that is periodically extracted from the preprocessed received
data stream comprises two or more of:

the minimum data value within each of said windows; or

the maximum data value within each of said windows; or

the mean data value within each of said windows; or
the root mean square data value within each of said

windows; or

the first quartile of the data within each of said windows;
or

the second quartile of the data within each of said win-
dows; or

the third quartile of the data within each of said windows;
or

the standard deviation of the data within each of said
windows; or

the interquartile range of the data within each of said
windows; or

the total number of data peaks within each of said
windows; or

the mean distance between successive data peaks within
each of said windows; or

the mean amplitude of the data peaks within each of said
windows; or

the mean crossing rate of the data within each of said
windows; or

the linear regression slope of the data within each of said
windows; or

the time that has elapsed since the beginning of the day for
the user; or

the time that has elapsed since the last eating event for the
user; or

the number of previous eating events for the user since the
beginning of the day for the user.

17. A system for training a machine-learned eating event

predictor, comprising:

a set of mobile sensors, each of the mobile sensors being
configured to continuously measure a different physi-
ological variable associated with each of one or more
users and output a time-stamped data stream compris-
ing the current value of said variable; and

an eating event prediction trainer comprising one or more
computing devices, said computing devices being in
communication with each other via a computer network
whenever there is a plurality of computing devices, and
a computer program having a plurality of sub-programs
executable by the one or more computing devices, the
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one or more computing devices being directed by the
sub-programs of the computer program to,
for each of the mobile sensors,
receive the data stream output from the mobile
sensor, and
periodically extract a set of features from said
received data stream, said features, which are
among many features that can be extracted from
said received data stream, having been determined
to be specifically indicative of an about-to-eat
moment,
use the set of features that is periodically extracted
from the data stream received from each of the
mobile sensors to train the predictor to predict when
an eating event for a user is about to occur, and
output the trained predictor.

18. The system of claim 17, wherein the predictor com-
prises an about-to-eat moment classifier that is trained to
predict when a user is in an about-to-eat moment.

19. The system of claim 17, wherein,

the predictor comprises a regression-based time-to-next-

eating-event predictor,

the sub-program for periodically extracting a set of fea-

tures from said received data stream comprises a sub-
program for mapping each of the features in the set of
features that is periodically extracted from said
received data stream to the current time remaining until
the next eating event, said current time remaining being
determined by analyzing the data stream received from
each of the mobile sensors, and

the sub-program for using the set of features that is

periodically extracted from the data stream received
from each of the mobile sensors to train the predictor to
predict when an eating event for a user is about to occur
comprises a sub-program for using the set of features
that is periodically extracted from the data stream
received from each of the mobile sensors in combina-
tion with said mapping of each of the features in said
set of features to train the time-to-next-eating-event
predictor to predict the time remaining until the onset
of the next eating event for the user.

20. The system of claim 17, wherein the sub-program for
using the set of features that is periodically extracted from
the data stream received from each of the mobile sensors to
train the predictor to predict when an eating event for a user
is about to occur comprises sub-programs for:

inputting the set of features that is periodically extracted

from the data stream received from each of the mobile
sensors into an overall set of features;

using a combination of a correlation-based feature selec-

tion method and a best-first decision tree machine
learning method to select a subset of the features in the
overall set of features; and

using the selected subset of the features to train the

predictor to predict when an eating event for a user is
about to occur.



THMBW(EF)

[ i (S RIR) A ()
e (S IR) A (%)

HAT R E (TR AGE)

FRI& B A

RHA

S EREESE

BEG®)

RET -HAUAFNERSANRE, ZREBE-LERH , 81
RREFEENEZNESEAFPEXKNTEALETE  ARHEEZ
TENYFENTNEBNHRER. NS MESERHNEERYEHS
M RE— AR AP ELHEXEHE KRR REFH AN Z,
R AR AT ENRIT R L 2R3 F | 122 KB[ERUIZKEL
ETZABETN AP AL TEREANNZ, SH0XE0RHLHE

WAL, AT N AR RIkEY A %

US20170172493A1

US14/973645
BHRERBRRERRELA
M KRLicensing , LLCAF]
ek RLicensing , LLCA A

RAHMAN TAUHIDUR
CZERWINSKI MARY
GILAD BACHRACH RAN
JOHNS PAUL R
ROSEWAY ASTA
ROWAN KAEL ROBERT

RAHMAN, TAUHIDUR
CZERWINSKI, MARY
GILAD-BACHRACH, RAN
JOHNS, PAUL R.
ROSEWAY, ASTA
ROWAN, KAEL ROBERT

AB61B5/00 G09B19/00 A61B5/0205 A63B24/00

patsnap

2017-06-22

2015-12-17

A61B5/486 A63B2220/34 G09B19/0092 A61B5/6801 A61B5/6898 A61B5/02055 A61B5/7264 A61B5
/7405 A61B5/742 A61B5/7455 A61B5/746 A61B5/7275 A63B2230/06 A63B2230/50 A63B2230/65
A63B2220/40 A63B2220/12 A63B2220/17 A63B2230/75 A63B2220/30 A63B24/0062 G16H20/60

G16H40/67 G16H50/20 G16H50/70

Espacenet USPTO

AR YETERFEANNZIE , @A~ BN #H R T,

100\

108
[

Mobile
Sensors
102

)

V

Mobile
Computing
Device
106



https://share-analytics.zhihuiya.com/view/cdad6750-cedd-480c-9783-ea145e62c3d8
https://worldwide.espacenet.com/patent/search/family/057590858/publication/US2017172493A1?q=US2017172493A1
http://appft.uspto.gov/netacgi/nph-Parser?Sect1=PTO1&Sect2=HITOFF&d=PG01&p=1&u=%2Fnetahtml%2FPTO%2Fsrchnum.html&r=1&f=G&l=50&s1=%2220170172493%22.PGNR.&OS=DN/20170172493&RS=DN/20170172493

