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AUGMENTED REALITY SYSTEMS BASED
ON A DYNAMIC FEEDBACK-BASED
ECOSYSTEM AND MULTIVARIATE
CAUSATION SYSTEM

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] The present patent application claims the benefit of
U.S. Provisional Patent Application No. 62/440,924, filed
Dec. 30, 2016, and titled “Personalized Program Generation
System with Plan and Ruleset Stacking”, U.S. Provisional
Patent Application No. 62/440,689, filed Dec. 30, 2016, and
titled “Dynamic and Feedback-Based Ecosystem”, U.S.
Provisional Patent Application No. 62/440,982, filed Dec.
30, 2016, and titled “Personalized Program Generation
System with Adaptive Program Engine”, U.S. Provisional
Patent Application No. 62/440,801, filed Dec. 30, 2016, and
titled “Contextual Filtering and Adherence Scoring Systems
and Methods”, U.S. Provisional Patent Application No.
62/441,014, filed Dec. 30, 2016, and titled “Deep Learning
and Ingredient Identification Systems and Methods”, and
U.S. Provisional Patent Application No. 62/441,043, filed
Dec. 30, 2016, and titled “Multivariate Causation Systems
and Methods”. The present patent application is related to
Non-Provisional U.S. patent application Ser. No. ,
filed Dec. 29, 2017, and entitled “Deep Learning Ingredient
and Nutrient Identification Systems and Methods” (Attorney
Docket No. PA9011US). The present patent application is
also related to Non-Provisional U.S. patent application Ser.
No. , filed Dec. 29, 2017, and entitled “Augmented
Reality and Blockchain Technology for Decision Augmen-
tation Systems and Methods Using Contextual Filtering and
Personalized Program Generation” (Attorney Docket No.
PA9010US). All of the aforementioned disclosures are
hereby incorporated by reference herein in their entireties
including all references and appendices cited therein.

FIELD OF THE PRESENT TECHNOLOGY

[0002] The present technology relates to augmented real-
ity systems based on a dynamic and feedback-based eco-
system that provides tailored solutions for users. The sys-
tems and methods provided herein comprise a plurality of
individual feedback loops that provide users with adaptive
health, wellness, productivity, activity and/or longevity pro-
grams that are being constantly adapted based on coded
rulesets generated from empirical studies, personal biomark-
ers, genome, microbiome, blood test analysis, preferences,
restrictions, beliefs and goals, as well as, sensor feedback,
user feedback, external sources and input from multivariate
causation analyses.

SUMMARY

[0003] This 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.

[0004] According to various embodiments of the present
disclosure include an augmented reality and decision aug-
mentation system. The augmented reality and decision aug-
mentation system includes a ruleset generator system that
creates rulesets based on empirical studies and a personal-
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ized program generation system that applies individualized
data of a user to create a personalized program for the user
based on one or more of the rulesets. In some embodiments
a passive and active feedback system provides empirical
results of actions and behaviors of the user and a multivari-
ate causation system selectively adjusts the rulesets based on
the empirical results of the actions and behaviors of the user.
According to some embodiments, a contextual filtering and
adherence scoring system dynamically selects individual-
ized suggestions according to context of the user and the
personalized lifestyle and eating program for the user.
[0005] According to some embodiments of the present
technology, the contextual filtering and adherence scoring
system provides augmented reality information overlays and
individual adherence scoring of individualized suggestions.
In some instances, individualized suggestions help the user
in selection of restaurant menu items, ingredients, bever-
ages, food products, groceries, supplements, and medica-
tion. In various instances, the individualized suggestions use
at least one of images, video streams, and contextual infor-
mation from a computer system of the user.

[0006] Other example embodiments of the disclosure and
aspects will become apparent from the following description
taken in conjunction with the following drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

[0007] The accompanying drawings, where like reference
numerals refer to identical or functionally similar elements
throughout the separate views, together with the detailed
description below, are incorporated in and form part of the
specification, and serve to further illustrate embodiments of
concepts that include the claimed disclosure, and explain
various principles and advantages of those embodiments.
[0008] The methods and systems disclosed herein have
been represented where appropriate by conventional sym-
bols in the drawings, showing only those specific details that
are pertinent to understanding the embodiments of the
present disclosure so as not to obscure the disclosure with
details that will be readily apparent to those of ordinary skill
in the art having the benefit of the description herein.
[0009] FIG. 1 illustrates an ecosystem according to exem-
plary embodiments of the present technology.

[0010] FIG. 2 shows a causation event sequence per-
formed by a multivariate causation system according to
exemplary embodiments of the present technology.

[0011] FIG. 3 is a customizable graphical user interface for
a ruleset generator system according to exemplary embodi-
ments of the present technology.

[0012] FIG. 4 is another customizable graphical user inter-
face for a ruleset generator system according to exemplary
embodiments of the present technology.

[0013] FIG. 5 is another customizable graphical user inter-
face for a ruleset generator system according to exemplary
embodiments of the present technology.

[0014] FIG. 6 is a methodology for finding event
sequences that can be implemented by the multivariate
causation system according to exemplary embodiments of
the present technology.

[0015] FIG. 7 is a schematic diagram of an augmented
reality information overlay enabled by a contextual filtering
and adherence scoring system according to exemplary
embodiments of the present technology.

[0016] FIG. 8 illustrates a computer system according to
exemplary embodiments of the present technology.
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DETAILED DESCRIPTION OF EXEMPLARY
EMBODIMENTS

[0017] While the present technology is susceptible of
embodiment in many different forms, there is shown in the
drawings and will herein be described in detail several
specific embodiments with the understanding that the pres-
ent disclosure is to be considered as an exemplification of
the principles of the present technology and is not intended
to limit the technology to the embodiments illustrated.
[0018] FIG. 1 illustrates an example ecosystem 100 of the
present disclosure. The ecosystem generally comprises a
ruleset generator system 102, a personalized program gen-
eration system 104, a contextual filtering and adherence
scoring system 106, a passive and active feedback system
108, and a multivariate causation system 110 (e.g. multi-
variate causation engine). These various systems can be
executed using, for example, a server or within a cloud-
based computing environment. In some embodiments, each
of the various systems of the ecosystem 100 can be con-
solidated into a single system.

[0019] In various embodiments, the ruleset generator sys-
tem 102 obtains input from two separate sub-systems. In
some embodiments, the ruleset generator system 102 obtains
lifestyle programs, dietary plans, nutrition plans, and empiri-
cal evidence-based programs (e.g. evidence based diets and
programs 112) from various sources. For example, lifestyle
and nutritional programs include peer-reviewed or other
similar publications or data regarding diets and exercise
such as ketogenic, paleo, vegan, low carbohydrate, low-fat,
or even specific dietary plans such as Whole30®, the Daniel
Diet, and so forth. The diets and programs (e.g. evidence
based diets and programs 112) may be submitted directly by
researchers, healthcare professionals, user groups or indi-
vidual users. Further, the diets and programs (e.g. evidence
based diets and programs 112) may be received by the
ruleset generator system 102 and converted into rulesets that
can be applied to a personal program for a user. For example,
a ruleset can include rules for persons with specific bio-
markers or characteristics, with specific ratios of macronu-
trients that are found in a particular dietary plan, as well as
restricted or promoted food items.

[0020] According to various embodiments, the ruleset
generator system 102 can also obtain input from the multi-
variate causation system 110, as will be described in greater
detail below. In general, the multivariate causation system
110 can generate both updated lifestyle and nutritional
programs from the various sources, as well as ruleset
updates that are each based on output of the passive and
active feedback system 108. In general passive feedback
from sensors and external sources and active feedback from
user input in the passive and active feedback system 108 is
measuring empirical feedback from biometric resources or
other applications that are tracking exactly how the user is
behaving or acting based on the information given and plan
established by the ecosystem 100. For example, if the user
is following a prescribed plan that is designed to reduce
weight but the user is not achieving results based on scale
feedback received by the passive and active feedback system
108, the multivariate causation system 110 assess the lack of
progress and determines a change to the ruleset(s) that might
positively correlate with an improvement towards a goal.
For example, if a user desires to lose weight and has not
done so, the multivariate causation system 110 may discover
that the user needs to potentially remove one or several food
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items from their diet, substitute one item for another, or
change the order in which they consume different food types
to improve the outcome for the user.

[0021] In various embodiments of the present disclosure,
the multivariate causation system 110 utilizes artificial intel-
ligence techniques such as deep learning or machine learn-
ing or big data that include information from other users
having similar genetics, biomarkers, profile, activities, back-
ground, clinical data or other demographic or personal
information. Thus, the user is not only analyzed in context
of their own personal goals and personal information, but the
multivariate causation system 110 can also derive or infer
new rules based on what has worked or not worked for other
similarly situated individuals. Some embodiments of the
multivariate causation system 110 include any type of data
streams or log data to derive or infer new rules based on
sequences and patterns discovered. The sequence or log data
can include, but is not limited to sensors, test results,
biomarkers, activities, symptoms, supplements, medicine
intake, food, beverages or locations. The multivariate cau-
sation engine can also determine the likelihood that each
pattern or sequence of events will have a predicted outcome.
[0022] According to various embodiments, the personal-
ized program generation system 104 can utilize ruleset
stacking to create a converging solution for a set of dietary
considerations and limitations for a user. For example,
dietary considerations and limitations for a user may include
being a vegetarian, being on a reduced-salt diet, and not
liking certain gluten products. The personalized program
generation system 104 can overlap these dietary consider-
ations and limitations for a single user. In various embodi-
ments the personalized program generation system 104 can
overlap the dietary considerations and limitations of mul-
tiple users to create a single converging solution for multiple
parties.

[0023] In some embodiments. the personalized program
generation system 104 can also implement an adaptive
program algorithm and create a personalized program for a
user. The personalized program generation system 104
receives one or more rulesets that are applicable to the user
based on information known about the user. For example,
the user prefers a paleo diet. Thus, the personalized program
generation system 104 will obtain rulesets for paleo adher-
ents and will further personalize each of the rules based on
the information of the user. The rulesets obtained from the
ruleset generator system 102 can be selectively adjusted
based on other information such as user goals, user pro-
grams/diets, and personal data of the user. For example,
personal data of the user may include their; genetic infor-
mation, microbiome, biomarkers, clinical, medical or health
data, activities, age, weight, height, ethnic background, other
demographic information, and so forth.

[0024] In various embodiments, the personalized program
generation system 104 can implement a data gathering
process whereby a user takes or uploads lab tests, fills in a
questionnaire or shares information by other means to select
any appropriate ruleset and goal for the user. To be sure, this
can be augmented with more detailed information about the
user such as specific objective and subjective demographic
information, genetic test information, microbiome testing,
and so forth. This information can also be obtained from
medical records, including electronic medical records. An
example method for collecting user information comprises
the use of a chatbot that is programmed to interact with a
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user to request diet preferences and health conditions, as
well one or more target goal(s). Another example is to obtain
permission of the user to connect to their health application,
health lab test, device or third-party services that will further
enhance the personalization of their program.

[0025] Accordingly to embodiments of the present disclo-
sure, the contextual filtering and adherence scoring system
106 is configured to execute dynamic adherence scoring
algorithms to determine the adherence level of any meal or
activity against the personalized program, diet or plan. The
contextual filtering and adherence scoring system 106
obtains information from external and internal sources such
as restaurant, recipe, grocery and supplement systems 114 or
databases. In some embodiments, the contextual filtering
and adherence scoring system 106 obtains recipe, supple-
ment, grocery, and restaurant menu information using deep
learning and artificial intelligence information gathering
techniques. The contextual filtering and adherence scoring
system 106 also obtains feedback on these types of infor-
mation from user interaction with the ecosystem 100. This
user feedback assists in resolving errors or inconsistencies
with data.

[0026] According to some embodiments, the contextual
filtering and adherence scoring system 106 can use specific
techniques to examine menus, recipes, and ingredient lists
from a wide variety of sources and correlate and harmonize
what is known about individual meals, activities or places.
In this way, the contextual filtering and adherence scoring
system 106 can select appropriate meals or activities for the
user based on their goals and personalized program.
[0027] In various embodiments, the contextual filtering
and adherence scoring system 106 provides personalized
programs to the user through the computing device 116. The
contextual filtering and adherence scoring system 106 pro-
vides the user with a personalized program that is tailored
based on selection of empirical lifestyle and nutritional
programs that are converted to rulesets and applied to a
goals, preferences, and demographics of the user. Contextual
filtering is applied in some embodiments to selectively tailor
the recipe or menu suggestions provided to the user in
accordance with their personalized plan generated by the
personalized program generation system 104.

[0028] In some embodiments, the computing device 116
executes a client side application that provides personalized
plans and receives both passive and active feedback, in some
embodiments. For example, computing device 116 may be
the computer system shown in FIG. 8.

[0029] In various embodiments, the passive and active
feedback system 108 receives data from the user through the
computing device 116. For example, the user may create a
food log or record their exercise activity. The user can also
take pictures of food, menus, ingredient lists, and so forth.
This information may be fed back into the restaurant, recipe,
grocery and supplement systems 114 or databases. This
gathered information can also be redirected back to the
passive and active feedback system 108 for further analysis
by the multivariate causation system 110.

[0030] Insome embodiments, the passive and active feed-
back system 108 collects information from external sensors
118. For example, external sensors 118 include wearables
(e.g., smart glasses, watches, etc.), sleep sensors, blood
pressure monitors, glucose monitors and insulin pumps,
blood pressure sensors, respiration monitors, pulse-oximetry
meters, heart rate meters, and so forth—just to name a few.
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[0031] 1In various embodiments of the present technology,
the multivariate causation system 110 is configured to
receive empirical feedback about the user and their behavior
from the computing device 116 and the external sensors 118.
The multivariate causation system 110 uses the specific
information known about the user and those users that are
similar to the user in in one way or another. For example,
similarities may include goals, biometrics, biomarkers,
genetics, demographics, lifestyle, and so forth. The multi-
variate causation system 110 further uses feedback from the
external sensors 118 to selectively modify how a diet of the
user is prioritized and if rulesets are adjusted for the user. For
example, as different users progress towards a goal, their
passive and active feedback is analyzed by the multivariate
causation system 110 to determine what has worked for the
users. The multivariate causation system 110 then modifies
and reprioritizes the program rulesets so that the patterns and
activity sequences that work best are suggested, and those
patterns or sequences that do not work are reduced or
avoided. The multivariate causation system 110 can adjust
priority and/or rules for the diets and programs to more
closely align with the goals of the successful users. The
multivariate causation system 110 receives streams of data
from user passive and active feedback, as well as the
programs, goals and personal data and adjusts the rulesets
dynamically or periodically.

[0032] In some embodiments, the multivariate causation
system 110 can also act as a data producing system that
reports back information for use in the lifestyle and nutri-
tional programs (e.g. evidence based diets and programs
112) from various sources. The multivariate causation sys-
tem 110 can deeply analyze user feedback and determine
specific variations on behaviors and determine how they
affect the desired outcomes. For example, the multivariate
causation system 110 may determine that the user moves
closer to achieving a goal when they restrict carbohydrate
consumption in the morning and evening, or if they eat
vegetables as snacks as opposed to combining them with
protein sources.

[0033] FIG. 2 illustrates an example causation event
sequence 200 performed by the multivariate causation sys-
tem 110. The causation sequence 200 (e.g. causal event
sequence discovery) is a process performed from events
gathered from user behaviors, the external sensors 118, and
the computing device 116. Other example methodologies
that can be implemented by the multivariate causation
system 110 are described with further details in FIG. 6 (e.g.
low entropy approaches for causal inference). In some
embodiments, the multivariate causation system 110 can
generate states compatible with the output of a deep multi-
label, multi-ontology, and multi-model network architecture
as described in Non-Provisional U.S. patent application Ser.
No. , filed Dec. 29, 2017, and entitled “Deep Learn-
ing Ingredient and Nutrient Identification Systems and
Methods™ (Attorney Docket No. PA9011US), which is
incorporated by reference herein in its entirety, including all
references cited therein. In various embodiments, the mul-
tivariate causation system 110 personalizes programs as
described in Non-Provisional U.S. patent application Ser.
No. , filed Dec. 29, 2017, and entitled “Augmented
Reality and Blockchain Technology for Decision Augmen-
tation Systems and Methods Using Contextual Filtering and
Personalized Program Generation” (Attorney Docket No.
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PA9010US), which is incorporated by reference herein in its
entirety, including all references cited therein.

[0034] In various embodiments of the present technology,
systems of the ecosystem 100 work together in a collective
and synergistic manner to provide a user with lifestyle and
nutritional plans for improving their health. The ecosystem
100 uses various feedback loops (represented by the indi-
vidual systems of the ecosystem 100) to create an environ-
ment that learns based on empirical feedback and fine tunes
a plan for a user based on this information.

[0035] Referring back to the multivariate causation system
110, in some embodiments the multivariate causation system
110 is configured to receive input from a plurality of
different types of external sensors (e.g. external sensors 118)
as well as the computing device 116 of the user. For
example, the user may be a diabetic that uses a continuous
glucose monitor and an insulin pump. The user may also use
a wireless scale, a smart watch, and other similar devices.
The data from external sensors 118 may also include loca-
tion, mood, temperature, biomarkers and any sensor gener-
ated data. External sensors 118 provide input into the
multivariate causation system 110. In some embodiments, a
portion of the external sensors 118 provide data to a third-
party such as a proprietary system or health professional. For
example, the continuous glucose monitor for the user may
transmit signals back to a physician of the user or to a
monitoring service. These third-party services may compute
various metrics regarding insulin pump operations. Each
external sensor can transmit data for further processing that
is not performed within the ecosystem 100. The third-party
analysis can be provided back to the ecosystem 100, and
specifically the multivariate causation system 110. Thus, the
multivariate causation system 110 can receive raw or pro-
cessed data from the external sensors 118 or from additional
third-party processors that generate more complex metrics
from the external sensor signals.

[0036] In various embodiments, input is received from the
computing device 116. For example, the user may utilize the
computing device 116 to obtain pictures or video of food
consumed, as well as a food or activity log kept by the user.
In another example embodiment, an external sensor can
include smart glasses that capture video and audio periodi-
cally or continuously. The captured video and audio tracks
food consumed as well as activities for the user. This
tracking information is gathered over time so that food
consumption patterns such as an order of food consumed, as
well as a time and speed consumed may be recorded within
any convenient detail level. Other activities and states of the
user such as exercise, sleep, and mood may also be recorded
and logged.

[0037] As mentioned above, according to various embodi-
ments the multivariate causation system 110 uses three types
of data including external data sources such as lab tests or
inferred biomarkers, passive feedback such as data streams
from sensors, and active feedback such as user logging food
and activities through their computing device (e.g. comput-
ing device 116). An example collection of active and passive
data includes, but is not limited to empirical data such as
how well the user sleeps, what the user ate, how the user
moves and exercises, where he is all with regard to time and
sequences of actions. For example, a question to consider is
whether the user exercises in a fasted state and consumes
protein within an hour of working out in the moring. This
individual may lose weight faster than a bio-similar person
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who consumes carbohydrates before working out and does
not have protein after their workout.

[0038] Invarious embodiments, the multivariate causation
system 110 is configured to coalesce these wide ranging and
multi-faceted analyses and create new potential rules, rule-
sets and/or data for use in empirical studies. The output
generated by the multivariate causation system 110 can be
associated with other users who have similarities such as
demographic, genetic, microbiome or others. Thus, as users
participate and provide the multivariate causation system
110 with active and passive data, the multivariate causation
system 110 can begin to assess successful and unsuccessful
behaviors for that individual, which is likely to be predictive
of the success or failure of other similar users. The multi-
variate causation system 110 can utilize the active and
passive data of many users to determine recommendations
or suggestions for changes to rulesets that, if enacted by this
group of users would result in users achieving a stated goal.
Again, this process is conducted within the context of a
specific goal or set of goals. The achievement of the goal(s)
is improved by determining what works for similar geneti-
cally, demographically, contextually, and biosimilar users.
This close monitoring of actual results of actions and dietary
behaviors of similar users provides context for these con-
textually similar users. That is, when users with similar
genetics act in similar ways with respect to their diet and
exercise, it can be assumed that the users are expressing their
genes differently from one another. The system can look for
commonalities between users that are not responding to
personalized diet and exercise plans and determine potential
changes to rulesets for these individuals so as to improve
their outcome. Because of the continuous monitoring of
active and passive feedback, changes in response for the user
are tracked and additional changes can be made to their diet
and activities if goals are still not being met.

[0039] According to various embodiments, these pro-
cesses can also aid in the identification of medical issues
such as hypothyroidism and other underlying medical con-
ditions that hinder weight loss and promote weight gain. For
example, if a user is biosimilar to other users that are all
losing weight and the user is following the same plan but not
losing weight, the multivariate causation system 110 may
identify that a body temperature of the user is always low.
This low body temperature may indicate that the user has a
potential thyroid deficiency. Furthermore, the multivariate
causation system 110 may alert the user that a medical
evaluation may be necessary.

[0040] Invarious embodiments, the multivariate causation
system 110 can also find and extract the sequence of events
that lead to a specific user or group of similar users to
achieve an expected goal. This sequence of events can be
generated as a Hidden Markov Model output. For example,
FIG. 2 illustrates the causation event sequence 200 per-
formed by the multivariate causation system 110. Further-
more, another example methodology for finding event
sequences that can be implemented by the multivariate
causation system 110 is described in FIG. 6.

[0041] According to some embodiments, the multivariate
causation system 110 helps a user find gaps or differences in
their plan relative to others who have been successful. For
example, a user may be encouraged to walk an extra 30
minutes per day based on empirical results received from
other similar users with the same diet plan and/or goal. If
these similar other individuals are determined to have
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walked more than the user, then the user is failing. Thus, the
user is encouraged to increase exercise activity through the
application on their computing device (e.g. computing
device 116). The user is then tracked through their wearables
to ensure that this goal to increase exercise is being accom-
plished.

[0042] According to various embodiments, the change or
changes to a personalized plan can be a result of an aug-
mented ruleset that is generated based on empirical results of
the user. Thus, if it is determined that other users that are
similar to the user have only been successful when eating
certain combinations of food, the ruleset for this group can
be updated to include these specific combinations of food.
Thus, the multivariate causation system 110 allows the
ecosystem 100 to improve its predictions and suggestions
over time as feedback from users is received and analyzed.
[0043] FIG. 3, FIG. 4, and FIG. 5 are customizable graphi-
cal user interfaces 300, 400, and 500, respectively, which
enable the ruleset generator system according to exemplary
embodiments of the present technology. FIG. 3, FIG. 4, and
FIG. 5 illustrate customizable graphical user interfaces 300,
400, and 500, respectively, used for the creation of rulesets
based on empirical data and the applicability of a ruleset to
a given individual (based on ethnicity, genetics, or other
categories). Additionally the graphical user interfaces show
specific cause and effect scenarios such as “if a certain action
is taken”, a “beneficial result(s)” will occur based on the
behavior for that particular type of individual.

[0044] FIG. 6 is a methodology 600 for finding event
sequences that can be implemented by the multivariate
causation system according to exemplary embodiments of
the present technology. In various embodiments, the present
technology uses low entropy approaches for causal inference
to find event sequences as described below.

[0045] 1. Causal Variables Discovery.

[0046] In some embodiments, the multivariate causation
system 110 relies on entropy measures as a causal discovery
tool in the sense that a high entropy variable X associated
with some particular value of a target variable Y=y cannot
be causal. Note that this statement does not imply that a low
entropy variable must be a causal variable.

[0047] 1In other words, it is necessary but not sufficient for
X to have low entropy in order to be causal for Y=y.
[0048] For example, imagine that the proposed causal
variable X describes what kind of drink you take before
going to sleep, and the target variable Y describing the sleep
quality. Fixing Y to be a “good quality rest”, the worse
scenario in terms of causality association is when X is
realized to the values “vodka”, “milk” or “coffee” exactly
one third of the times Y equals “good quality rest”, as it
seems that the change in X actually does not have an effect
on the target variable Y to be set as “good quality rest”. In
this scenario, the variable X has maximum entropy and we
have no motivation to consider X as a cause of having a good
quality rest.

[0049] In terms of Judea’s do notation, P(yldo(X=x)) does
not change for any x.

[0050] 2. Causal Dynamical Static Variables Discovery.
[0051] Given a set of variable realizations in a temporal
sequence with a target variable realization, a low entropy is
expressed as similarity between realizations and similarity in
the ordering of these realizations.

[0052] Output patterns of interest may take the form
“watch tv, then take a shower, then play whatever game on
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your phone and then drink whiskey” whenever you have a
good quality rest. It can be said that these sequence of
activities have low entropy under the desired output
Y="good quality rest”, so, this sequence cannot be discarded
as a causal activity sequence.

[0053] 2.1 Pattern Discovery in Activity Sequences.
[0054] The multivariate causation system 110 may use the
Human Activity Language framework as a universal way to
represent any kind of activity at any desired detail level.
Assigning a symbol to any particular activity allows the
representation of any sequence of activities as a sequence of
symbols. It is natural to think about the rules governing a
temporal activity pattern, as the grammatical rules used in
our everyday language. In fact once this representation is
adopted, all formal language theory can be applied.

[0055] In some embodiments, additional to Hidden
Markov Models, the multivariate causation system 110 is
able to implement alternative sequence analysis techniques
like Long Short Term Memory recurrent neural networks
and the Cortical Learning Algorithm in Hierarchical Tem-
poral Memory theory among others.

[0056] 2.2 Pattern Extraction from Activity Sequences.
[0057] Given a set of activity sequences, a pattern among
these sequences should be based only on the subset of
activities that are conserved between all sequences. For
example, consider the following sequences ‘abi’, ‘agh’ and
‘eabp’. The presence of the activity ‘a’ is followed in time
for the activity ‘b’. Thus, this pattern is called a pattern
because it appears consistently among all considered
sequences. This pattern can be visualized in the alignment of
the activity sequences:

[0058] 12345
[0059] _a bi
[0060] _aghb
[0061] ea bp
[0062] In this alignment, gaps (denoted by _) are inserted

as necessary in each sequence in order to align the activities
‘a’ and ‘b’ in the columns 2 and 4.

[0063] Note that this alignment results after the insertion
of gaps among the sequences and there are infinite ways of
inserting gaps in the sequences. The construction of the
alignment depends on deciding in which particular positions
are the gaps required to be inserted in the sequences in order
to align the same activities.

[0064] If the set of possible alignments is denoted by A*,
a cost function C: A*—R quantifies how well an alignment
is formed. A good alignment (low cost) is the one that
contains many columns with the same activity (or very
similar activities) among the sequences in each column. A
bad alignment (high cost) is an alignment that has columns
composed of very different activities and gaps. In this way,
C is just the sum of individual column costs. Also, a column
cost depends on the direct pairwise cost between activities.
If 3 is the alphabet of activities, the cost function c:ZxZ—=R
quantifies the direct similarity between any pair of activities.
Additional constrains can be added to the cost function for
penalizing activity sequence gaps as needed. Optimization
of such cost function can be performed by any general
purpose optimization technique, like dynamic programming,
Monte Carlo sampling and genetic optimization to name a
few.

[0065] 2.3 Hidden Markov Models from Activity Patterns.
[0066] Given a sequence alignment, a Hidden Markov
Model (HMM) can be constructed in such a way that each
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alignment column defines a hidden state, with emission
states as the set of activities in such column.
[0067] Such HMM represents a model abstracting the
consensus behavior of the original set of activity sequences.
[0068] For example, consider the set of activity sequences
{“uabiabo’,‘labkabj’,‘mabgabd’}. In this case, the sequence
pattern found in these sequences is “a followed by b fol-
lowed by something else, then a followed by b again”. This
pattern in form of a HMM is depicted in FIG. 6, where states
are represented by red circles, connected with activities in
orange. Gray nodes represent states that allow any activities.
Bold arrows between states represent the temporal flux of
states.
[0069] 2.4 Causality.
[0070] Once the multivariate causation system 110
extracts a pattern from a set of activity sequences associated
to a particular outcome, additional steps are followed to
ensure probabilistic causal relationship between such pattern
and target response.
[0071] The multivariate causation system 110 considers
additional factors in causal dependencies. If a is said to
cause b, then it is necessary that:

[0072] P(bla,k)>P(bl'ak)
where k represents any external influence.
[0073] For example, the methodology 600 of FIG. 6 for
finding event sequences that can be implemented by the
multivariate causation system may be an HMM from a set of
activity sequences.
[0074] FIG. 7 is a schematic diagram 700 of an augmented
reality information overlay which exemplifies a decision
augmentation delivery method enabled by an adaptive life-
style and eating program enable by the present technology.
In various embodiments, the multivariate causation system
110 along with the contextual filtering and the adherence
scoring system 106 are integral parts of the present tech-
nology that enable the augmented reality information over-
lay. According to various embodiments, the augmented
reality is on top of a restaurant menu as shown by the
schematic diagram 700 in FIG. 7.
[0075] According to various embodiments of the present
technology, the augmented reality information overlay
includes images and video streams from a computer system
of the user. For example, augmented reality for each indi-
vidual restaurant menu uses source images or video streams
of the menus that are sent from the computing device of the
user. Further, an automated pipeline built to convert these
menu images or video streams into augmented reality
enabled menus. In some instances, human intervention may
be required, but most interactions will include an automated
real-time process which is virtually instantaneous. Accord-
ing to various embodiments, enabling augmented reality for
each individual restaurant menu uses a fully automated
system allowing users a near real-time experience, from the
moment a picture is taken or the video stream is turned on,
to having the augmented reality experience delivered on
their phone. The present technology allows for the overlay
of information to include the most up to date suggestions.
[0076] FIG. 8 is a diagrammatic representation of an
example machine (e.g. computing device 116) in the form of
a computer system 1, within which a set of instructions for
causing the machine to perform any one or more of the
methodologies discussed herein may be executed. In various
example embodiments, the machine operates as a standalone
device or may be connected (e.g., networked) to other
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machines. In a networked deployment, the machine may
operate in the capacity of a server or a client machine in a
server-client network environment, or as a peer machine in
a peer-to-peer (or distributed) network environment. The
machine may be a personal computer (PC), a tablet PC, a
set-top box (STB), a personal digital assistant (PDA), a
cellular telephone, a portable music player (e.g., a portable
hard drive audio device such as an Moving Picture Experts
Group Audio Layer 3 (MP3) player), a web appliance, a
network router, switch or bridge, or any machine capable of
executing a set of instructions (sequential or otherwise) that
specify actions to be taken by that machine. Further, while
only a single machine is illustrated, the term “machine” shall
also be taken to include any collection of machines that
individually or jointly execute a set (or multiple sets) of
instructions to perform any one or more of the methodolo-
gies discussed herein.

[0077] The example computer system 1 includes a pro-
cessor or multiple processor(s) 5 (e.g., a central processing
unit (CPU), a graphics processing unit (GPU), or both), and
a main memory 10 and static memory 15, which commu-
nicate with each other via a bus 20. The computer system 1
may further include a video display 35 (e.g., a liquid crystal
display (LCD)). The computer system 1 may also include an
alpha-numeric input device(s) 30 (e.g., a keyboard), a cursor
control device (e.g., a mouse), a voice recognition or bio-
metric verification unit (not shown), a drive unit 37 (also
referred to as disk drive unit), a signal generation device 40
(e.g., a speaker), and a network interface device 45. The
computer system 1 may further include a data encryption
module (not shown) to encrypt data.

[0078] The disk drive unit 37 includes a computer or
machine-readable medium 50 on which is stored one or
more sets of instructions and data structures (e.g., instruc-
tions 55) embodying or utilizing any one or more of the
methodologies or functions described herein. The instruc-
tions 55 may also reside, completely or at least partially,
within the main memory 10 and/or within the processor(s) 5
during execution thereof by the computer system 1. The
main memory 10 and the processor(s) § may also constitute
machine-readable media.

[0079] The instructions 55 may further be transmitted or
received over a network via the network interface device 45
utilizing any one of a number of well-known transfer
protocols (e.g., Hyper Text Transfer Protocol (HTTP)).
While the machine-readable medium 50 is shown in an
example embodiment to be a single medium, the term
“computer-readable medium” should be taken to include a
single medium or multiple media (e.g., a centralized or
distributed database and/or associated caches and servers)
that store the one or more sets of instructions. The term
“computer-readable medium” shall also be taken to include
any medium that is capable of storing, encoding, or carrying
a set of instructions for execution by the machine and that
causes the machine to perform any one or more of the
methodologies of the present application, or that is capable
of storing, encoding, or carrying data structures utilized by
or associated with such a set of instructions. The term
“computer-readable medium” shall accordingly be taken to
include, but not be limited to, solid-state memories, optical
and magnetic media, and carrier wave signals. Such media
may also include, without limitation, hard disks, floppy
disks, flash memory cards, digital video disks, random
access memory (RAM), read only memory (ROM), and the
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like. The example embodiments described herein may be
implemented in an operating environment comprising soft-
ware installed on a computer, in hardware, or in a combi-
nation of software and hardware.

[0080] One skilled in the art will recognize that the
Internet service may be configured to provide Internet access
to one or more computing devices that are coupled to the
Internet service, and that the computing devices may include
one or more processors, buses, memory devices, display
devices, input/output devices, and the like. Furthermore,
those skilled in the art may appreciate that the Internet
service may be coupled to one or more databases, reposi-
tories, servers, and the like, which may be utilized in order
to implement any of the embodiments of the disclosure as
described herein.

[0081] The corresponding structures, materials, acts, and
equivalents of all means or step plus function elements in the
claims below are intended to include any structure, material,
or act for performing the function in combination with other
claimed elements as specifically claimed. The description of
the present technology has been presented for purposes of
illustration and description, but is not intended to be exhaus-
tive or limited to the present technology in the form dis-
closed. Many modifications and variations will be apparent
to those of ordinary skill in the art without departing from
the scope and spirit of the present technology. Exemplary
embodiments were chosen and described in order to best
explain the principles of the present technology and its
practical application, and to enable others of ordinary skill
in the art to understand the present technology for various
embodiments with various modifications as are suited to the
particular use contemplated.

[0082] Aspects of the present technology are described
above with reference to flowchart illustrations and/or block
diagrams of methods, apparatus (systems) and computer
program products according to embodiments of the present
technology. It will be understood that each block of the
flowchart illustrations and/or block diagrams, and combina-
tions of blocks in the flowchart illustrations and/or block
diagrams, can be implemented by computer program
instructions. These computer program instructions may be
provided to a processor of a general purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks.

[0083] These computer program instructions may also be
stored in a computer readable medium that can direct a
computer, other programmable data processing apparatus, or
other devices to function in a particular manner, such that the
instructions stored in the computer readable medium pro-
duce an article of manufacture including instructions which
implement the function/act specified in the flowchart and/or
block diagram block or blocks.

[0084] The computer program instructions may also be
loaded onto a computer, other programmable data process-
ing apparatus, or other devices to cause a series of opera-
tional steps to be performed on the computer, other pro-
grammable apparatus or other devices to produce a
computer implemented process such that the instructions
which execute on the computer or other programmable
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apparatus provide processes for implementing the functions/
acts specified in the flowchart and/or block diagram block or
blocks.

[0085] While this technology is susceptible of embodi-
ment in many different forms, there is shown in the drawings
and will herein be described in detail several specific
embodiments with the understanding that the present dis-
closure is to be considered as an exemplification of the
principles of the technology and is not intended to limit the
technology to the embodiments illustrated.

[0086] The terminology used herein is for the purpose of
describing particular embodiments only and is not intended
to be limiting of the technology. As used herein, the singular
forms “a”, “an” and “the” are intended to include the plural
forms as well, unless the context clearly indicates otherwise.
It will be further understood that the terms “comprises”
and/or “comprising,” when used in this specification, specify
the presence of stated features, integers, steps, operations,
elements, and/or components, but do not preclude the pres-
ence or addition of one or more other features, integers,
steps, operations, elements, components, and/or groups
thereof.

[0087] It will be understood that like or analogous ele-
ments and/or components, referred to herein, may be iden-
tified throughout the drawings with like reference charac-
ters. It will be further understood that several of the figures
are merely schematic representations of the present technol-
ogy. As such, some of the components may have been
distorted from their actual scale for pictorial clarity.

[0088] The flowchart and block diagrams in the Figures
illustrate the architecture, functionality, and operation of
possible implementations of systems, methods and computer
program products according to various embodiments of the
present technology. In this regard, each block in the flow-
chart or block diagrams may represent a module, segment,
or portion of code, which comprises one or more executable
instructions for implementing the specified logical function
(s). It should also be noted that, in some alternative imple-
mentations, the functions noted in the block may occur out
of the order noted in the figures. For example, two blocks
shown in succession may, in fact, be executed substantially
concurrently, or the blocks may sometimes be executed in
the reverse order, depending upon the functionality
involved. It will also be noted that each block of the block
diagrams and/or flowchart illustration, and combinations of
blocks in the block diagrams and/or flowchart illustration,
can be implemented by special purpose hardware-based
systems that perform the specified functions or acts, or
combinations of special purpose hardware and computer
instructions.

[0089] In the following description, for purposes of expla-
nation and not limitation, specific details are set forth, such
as particular embodiments, procedures, techniques, etc. in
order to provide a thorough understanding of the present
invention. However, it will be apparent to one skilled in the
art that the present invention may be practiced in other
embodiments that depart from these specific details.
[0090] Reference throughout this specification to “one
embodiment” or “an embodiment” means that a particular
feature, structure, or characteristic described in connection
with the embodiment is included in at least one embodiment
of the present invention. Thus, the appearances of the
phrases “in one embodiment” or “in an embodiment” or
“according to one embodiment” (or other phrases having



US 2018/0190147 Al

similar import) at various places throughout this specifica-
tion are not necessarily all referring to the same embodi-
ment. Furthermore, the particular features, structures, or
characteristics may be combined in any suitable manner in
one or more embodiments. Furthermore, depending on the
context of discussion herein, a singular term may include its
plural forms and a plural term may include its singular form.
Similarly, a hyphenated term (e.g., “on-demand”) may be
occasionally interchangeably used with its non-hyphenated
version (e.g., “on demand™), a capitalized entry (e.g., “Soft-
ware”) may be interchangeably used with its non-capitalized
version (e.g., “software”), a plural term may be indicated
with or without an apostrophe (e.g., PE’s or PEs), and an
italicized term (e.g., “N+1”) may be interchangeably used
with its non-italicized version (e.g., “N+17). Such occa-
sional interchangeable uses shall not be considered incon-
sistent with each other.

[0091] Also, some embodiments may be described in
terms of “means for” performing a task or set of tasks. It will
be understood that a “means for” may be expressed herein
in terms of a structure, such as a processor, a memory, an I/O
device such as a camera, or combinations thereof. Alterna-
tively, the “means for” may include an algorithm that is
descriptive of a function or method step, while in yet other
embodiments the “means for” is expressed in terms of a
mathematical formula, prose, or as a flow chart or signal
diagram.

[0092] The terminology used herein is for the purpose of
describing particular embodiments only and is not intended
to be limiting of the invention. As used herein, the singular
forms “a”, “an” and “the” are intended to include the plural
forms as well, unless the context clearly indicates otherwise.
It will be further understood that the terms “comprises”
and/or “comprising,” when used in this specification, specify
the presence of stated features, integers, steps, operations,
elements, and/or components, but do not preclude the pres-
ence or addition of one or more other features, integers,
steps, operations, elements, components, and/or groups
thereof.

[0093] It is noted at the outset that the terms “coupled,”
“connected”, “connecting,” “electrically connected,” etc.,
are used interchangeably herein to generally refer to the
condition of being electrically/electronically connected.
Similarly, a first entity is considered to be in “communica-
tion” with a second entity (or entities) when the first entity
electrically sends and/or receives (whether through wireline
or wireless means) information signals (whether containing
data information or non-data/control information) to the
second entity regardless of the type (analog or digital) of
those signals. It is further noted that various figures (includ-
ing component diagrams) shown and discussed herein are
for illustrative purpose only, and are not drawn to scale.
[0094] While specific embodiments of, and examples for,
the system are described above for illustrative purposes,
various equivalent modifications are possible within the
scope of the system, as those skilled in the relevant art will
recognize. For example, while processes or steps are pre-
sented in a given order, alternative embodiments may per-
form routines having steps in a different order, and some
processes or steps may be deleted, moved, added, subdi-
vided, combined, and/or modified to provide alternative or
sub-combinations. Fach of these processes or steps may be
implemented in a variety of different ways. Also, while
processes or steps are at times shown as being performed in
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series, these processes or steps may instead be performed in
parallel, or may be performed at different times.

[0095] While various embodiments have been described
above, it should be understood that they have been presented
by way of example only, and not limitation. The descriptions
are not intended to limit the scope of the invention to the
particular forms set forth herein. To the contrary, the present
descriptions are intended to cover such alternatives, modi-
fications, and equivalents as may be included within the
spirit and scope of the invention as defined by the appended
claims and otherwise appreciated by one of ordinary skill in
the art. Thus, the breadth and scope of a preferred embodi-
ment should not be limited by any of the above-described
exemplary embodiments.

What is claimed is:

1. A decision augmentation system, comprising:

an augmented reality information overlay;

a ruleset generator system that creates rulesets based on
empirical studies;

a personalized program generation system that applies
individualized data of a user to create a personalized
lifestyle and eating program for the user based on one
or more of the rulesets;

a passive and active feedback system that provides
empirical results of actions and behaviors of the user;

amultivariate causation system that selectively adjusts the
rulesets based on the empirical results of the actions
and behaviors of the user; and

a contextual filtering and adherence scoring system that
dynamically selects individualized suggestions based
on context of the user and the personalized lifestyle and
eating program for the user;

the contextual filtering and adherence scoring system
providing the augmented reality information overlay,
the augmented reality information overlay including
the individualized suggestions.

2. The decision augmentation system of claim 1, wherein
the augmented reality information overlay being a list of the
individualized suggestions, the list of the individualized
suggestions helping the user in at least one of: selection of
restaurant menu items, ingredients, beverages, food prod-
ucts, groceries supplements, and medication.

3. The decision augmentation system of claim 1, wherein
the augmented reality information overlay is at least one of
images and video streams from a computer system of the
user.

4. The decision augmentation system of claim 1, wherein
the lifestyle and eating program is initially encoded into the
rulesets by selecting one or more proven published dietary
plans.

5. The decision augmentation system of claim 1, wherein
the individualized data is at least one of: personal goals, diet,
program selection, preferences, restrictions, lab test results,
biomarkers, sensor data, health information, demographics,
daily activity, genome, microbiome, environment, and pet-
sonal information.

6. The decision augmentation system of claim 1, wherein
the individualized suggestions include at least one of activi-
ties, food, supplements, and medication.

7. The decision augmentation system of claim 1, wherein
the multivariate causation system utilizes at least one of
deep learning and machine learning to analyze information
from other similar users to the user, the information from
other similar users being at least one of similar genetics, a
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similar biomarker, similar lab test results, a similar profile,
similar activities, a similar background, and similar clinical
data to the user.

8. The decision augmentation system of claim 1, wherein
the multivariate causation system receives data from exter-
nal sensors.

9. The decision augmentation system of claim 8, wherein
the external sensors include at least one of wearable smart
glasses, wearable watches, sleep sensors, blood pressure
monitors, glucose monitors, insulin pumps, blood pressure
sensors, respiration monitors, pulse-oximetry meters, and
heart rate meters.

10. The decision augmentation system of claim 8, wherein
the external sensors provide data to a third-party, the third-
party being at least one of a proprietary system and a health
professional.

11. A decision augmentation system, comprising:

an augmented reality information overlay;

a ruleset generator system that creates rulesets based on
empirical studies;

a personalized program generation system that applies
individualized data of a user to create a personalized
lifestyle and eating program for the user based on one
or more of the rulesets;

a passive and active feedback system that provides
empirical results of actions and behaviors of the user;

amultivariate causation system that selectively adjusts the
rulesets based on the empirical results of the actions
and behaviors of the user, the multivariate causation
system utilizing machine learning to analyze informa-
tion of other similar users, the information of the other
similar users being similar data to the user; and

a contextual filtering and adherence scoring system that
dynamically selects individualized suggestions based
on context of the user and the personalized lifestyle and
eating program for the user;

the contextual filtering and adherence scoring system
providing the augmented reality information overlay,
the augmented reality information overlay including
the individualized suggestions.

12. The decision augmentation system of claim 11,
wherein the information of the other similar users includes
at least one of similar genetics, similar biomarkers, similar
lab test results, a similar profile, similar activities, a similar
background, and similar clinical data.

13. The decision augmentation system of claim 12,
wherein the multivariate causation system further selec-
tively adjusts the rulesets based on a goal of the user.
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14. The decision augmentation system of claim 13,
wherein the multivariate causation system extracts patterns
based on the utilizing of machine learning to analyze the
information of the other similar users.

15. The decision augmentation system of claim 14,
wherein the patterns include sequences, the sequences being
related to the goal of the user.

16. The decision augmentation system of claim 15,
wherein the sequences include at least one of exercise
activities, food selections, and events.

17. The decision augmentation system of claim 15,
wherein the multivariate causation system selectively modi-
fies the rulesets based on the patterns.

18. The decision augmentation system of claim 14,
wherein the multivariate causation system selectively
adjusts the rulesets based on an expected outcome, the
expected outcome based on the patterns.

19. A decision augmentation method, the method com-
prising:

generating an augmented reality information overlay;

creating rulesets, using a ruleset generator system, based
on empirical studies;

applying, using a personalized program generation sys-
ter, individualized data of a user to create a person-
alized lifestyle and eating program for the user based
on one or more of the rulesets;

providing, using a passive and active feedback system,
empirical results of actions and behaviors of the user;

selectively adjusting, using a multivariate causation sys-
ter, the rulesets based on the empirical results of the
actions and behaviors of the user, the multivariate
causation system utilizing machine learning to analyze
information of other similar users, the information of
the other similar users being similar data to the user;

dynamically selecting, using a contextual filtering and
adherence scoring system, individualized suggestions
based on context of the user and the personalized
lifestyle and eating program for the user; and
providing the augmented reality information overlay, the
augmented reality information overlay including the
individualized suggestions.
20. The decision augmentation method of claim 19,
wherein the augmented reality information overlay is a
video stream from a computer system of the user.
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