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SYSTEMS, METHODS, AND DEVICES FOR BIOPHYSICAL MODELING AND

RESPONSE PREDICTION

CROSS-REFERENCE
[0001] This application claims priority to U.S. Provisional Patent Application No.
62/773,117, filed on November 29, 2018, U.S. Provisional Patent Application No. 62/773,125,
filed on November 29, 2018, U.S. Provisional Patent Application No. 62/773,134, filed on

November 29, 2018, each of which is incorporated herein by reference in its entirety.

BACKGROUND
[0002] Many biological systems, including the human body, can function with a high degree
of complexity. Further, while a single species can have an overall general likeness, there can be
significant variability between individuals. Consequently, it can be difficult to understand, let
alone predict various biological responses on an individual basis.
[0003] Understanding human biological responses on an individual basis can provide various
health and quality-of-life benefits. Such an understanding can enable an individual to make
better choices to improve their health. When such choices are made by a population, the overall
health of society can benefit. In addition, such an understanding can empower an individual to
better alter their lifestyle in the pursuit of personal goals.
[0004] One human biological response of increasing interest is nutrition, and blood glucose
levels resulting from eating in particular. Failure to maintain blood glucose levels in acceptable
levels over time may result in adverse consequences, including pre-diabetes or Type 2 diabetes.
However, individuals can vary in blood glucose response, diet, behavior, and numerous other
factors. Accordingly, conventional models (e.g., linear blood glucose response models) can be

inadequate understanding an individual’s personalized blood glucose response.

SUMMARY
[0005] The present disclosure provides systems and methods that can acquire sensor and
other data that records subject actions and that utilize reinforcement learning to predict a subject
response and the modify the subject’s response to achieve a goal. The prediction can be a
prediction of a biophysical response and/or behavioral response. Embodiments can utilize
custom variational encoding to model subject actions and responses. In some embodiments, the
systems described herein can generate a recommendation for a subject based on a reward
function and the subject’s historical actions.
[00006] In one aspect, the present disclosure provides a computer-implemented method for

training and using a reinforcement learning algorithm to generate a recommendation that aids a
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subject in maintaining or adjusting or optimizing a glucose level of the subject with respect to a
reward function. The method can comprise: until a convergence condition is achieved,
iteratively: (i) generating the recommendation using the reinforcement learning algorithm, which
recommendation comprises a recommended meal or physical activity, (ii) processing the
recommendation using a biophysical reaction model to generate a predicted glucose response of
the subject to following the recommendation, and (iii) applying a reward function to the
predicted glucose response to generate a first reward and updating the reinforcement learning
algorithm based on the first reward. The method can further comprise providing the
recommendation to the subject; measuring a glucose response of the subject to following the
recommendation; and applying a second reward function to the measured glucose response to
generate a second reward and updating the reinforcement learning algorithm based on the second
reward. In some embodiments, the method comprises using the glucose response of the subject
to train the biophysical reaction model. In some embodiments, the method comprises encoding
the glucose response of the subject into a low-dimension latent space for providing to the
biophysical reaction model and to the second reward function. In some embodiments, the first
reward function is the same as the second reward function. In some embodiments, the
biophysical reaction model includes at least one body model configured to generate a simulated
biophysical response of the subject in response to a plurality of inputs. In some embodiments,
generating the predicted glucose response of the subject comprises: applying the glucose
response of the subject to a predictor trained to infer a future glucose response; applying the
recommendation to an adherence model configured to evaluate how closely the subjects will
follow the recommendation; and selectively applying outputs of the predictor and the adherence
model as the plurality of inputs to the body model. In some embodiments, generating the
predicted glucose response further comprises applying the simulated biophysical response to an
autoencoder and generative adversarial network to generate the predicted glucose response. In
some embodiments, the convergence condition is based at least in part on the magnitude of the
first reward.

[0007] In another aspect, the present disclosure provides a method that can comprise:
training each of a plurality of different autoencoder (AE) temporal convolutional neural
networks (CNNs) on historical time series data from one of a plurality of different data sources,
wherein the plurality of different data sources comprises a continuous glucose monitor, a heart
rate monitor, and a source of food data; generating a plurality of seed values using the plurality
of AE temporal CNNs in response to current data from the plurality of different data sources;

configuring each of a plurality of different CNN encoders with one of the plurality seed values
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from a corresponding AE temporal CNN; applying past the historical times series data from the
corresponding data sources to the temporal CNN encoders to generate encoded data values; and
applying the encoded data values to a forecast configured to generate predicted data values
corresponding to one of the data sources. In some embodiments, training the plurality of AE
temporal CNNs includes: training a first AE temporal CNN with data from a first type sensor
that reads a first biophysical response, and training a second AE temporal CNN with data from a
second type sensor that reads a second biophysical response; and applying the encoded data
values to generate predicted first biophysical responses.

[0008] In another aspect, the present disclosure provides a method that can comprise:
receiving reference values over time from a first biophysical sensor that represent at least one
biophysical response of a subject, the time including a first time period followed by a second
time period; receiving first data values from a second biophysical sensor; inferring first predicted
values for the at least one biophysical response with a first subject model using at least first data
from the second time period; inferring second predicted values for the at least one biophysical
response with a second subject model using at least first data from the first time period; and
comparing the first and second predicted values to the reference values to determine the accuracy
of the subject models. In some embodiments, inferring second predicted values includes:
inferring predicted first data values for the second time period from first data values of the first
time period, and applying the first predicted data values for the second time period to the second
subject model. In some embodiments, the method further comprises: receiving second data
values; inferring first predicted values for the at least one biophysical response further includes
using second data from the second time period; and inferring second predicted values for the at
least one biophysical response further includes using second data from the first time period. In
some embodiments, the method further comprises: in response to at least the reference values
and first data values from the first time period, adjusting parameters in the second subject model.
In some embodiments, the method further comprises: applying the first predicted values for the
at least one biophysical response to a first generative adversarial network to generate first
adjusted predicted values; applying the second predicted values for the at least one biophysical
response to a second generative adversarial network to generate second adjusted predicted
values; and comparing the first and second adjusted predicted values to the reference values to
determine the accuracy of the generative adversarial networks. In some embodiments, the
method further comprises: in response to comparing the first and second predicted values to the
reference values updating at least the first and second body models. In another aspect, the present

disclosure provides a system that can comprise: a first data prediction model configured to
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generate predicted first data values for a second time period from first data values for a first time
period which precedes the second time period; a second data prediction model configured to
generate predicted second data values for the second time period from second data values for the
first time period; a first subject model comprising at least in part an artificial neural network
(ANN) configured to infer a first predicted biophysical response from first and second data
values from the second time period; a second subject model having a same structure as the first
body model configured to infer a second predicted biophysical response from predicted first and
second data values for the second time period; and a compare system configured to compare a
reference biophysical response for the second time period to the first and second predicted
biophysical responses. In some embodiments, the first and second data prediction models
comprise long short-term memory networks. In some embodiments, the system further
comprises: a third data prediction model configured to generate a predicted reference biophysical
response for the second time period from the reference biophysical response for the first time
period. In some embodiments, the system further comprises: a parameter estimator configured to
update at least the second subject model in response to a reference biophysical response, and the
first and second data values from the first time period. In some embodiments, the system further
comprises: a feedback generator configured to selectively adjust any of the first data prediction
model, a second data prediction model, the first subject model, the second subject model in
response to comparison results from the compare system.

[0009] In another aspect, the present disclosure provides a method that can comprise: during
a first time interval, training a biophysical model comprising an artificial neural network (ANN)
to generate a simulated biophysical response of a subject from at least first sensor data and
second sensor data, the first sensor data comprising continuous glucose monitoring data and the
second sensor data comprising heart rate monitoring data, which training comprises estimating
personalized time-varying parameters of the biophysical model; during a second time interval,
generating the simulated biophysical response of the subject in real time using the trained
biophysical model, the real-time data including the second sensor data but not including the first
sensor data. In some embodiments, training the biophysical model includes: applying at least the
first sensor data to the biophysical model, and updating the biophysical model using a parameter
estimator that evaluates the simulated first biophysical response with respect to a subject’s actual
first biophysical response. In some embodiments, training the biophysical model includes
applying the first sensor data and the second data to the first biophysical model, the second data
being different than the first biophysical response. In some embodiments, the second data

comprises data logged by the subject.
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[0010] In another aspect, the present disclosure provides a system that can comprise: a first
biophysical model comprising an artificial neural network (ANN) configured to derive network
parameters in response to training with data from at least one type of sensor to output a simulated
first type biophysical response; a parameter estimator configured to update parameters of the first
biophysical model in response to the simulated first type biophysical response and an actual first
type biophysical response of a subject; and a second biophysical model comprising an ANN,
configured with the network parameters, operable to infer predicted first type biophysical
responses in real-time for the subject in response to sensor data received from the at least one
type of sensor in real-time. In some embodiments, the actual first type biophysical response is
recorded with a first type sensor and the at least one type of sensor is different than the first type
sensor. In some embodiments, the at least one type of sensor records a second type biophysical
response different from the first type biophysical response. In some embodiments, the actual first
type biophysical response is recorded with a first type sensor and the at least one type of sensor
is different than the first type sensor. In some embodiments: the first biophysical model derives
the network parameters in response to training with data from at least one type of sensor and data
from a second source; and the second biophysical model infers predicted first type biophysical
responses in response to sensor data received from the at least one type of sensor in real-time and
data from the second source received in real-time. In some embodiments, the second source
comprises data logged personally by the subject. In another aspect, the present disclosure
provides a method that can comprise: receiving time series data from a plurality of different
sources that each record data of a different type for at least one subject that performs actions, the
different sources including a glucose sensor that records a glucose response of the at least one
subject; executing unsupervised learning on the time series data with at least one encoding
artificial neural network (ANN) to produce encoded values in a resulting latent space having a
predetermined distance from one another; selecting orthogonal values based on the latent space;
decoding the orthogonal values with an ANN having a corresponding decoding structure to the
encoding ANN to generate decoded values; and mapping the decoded values to subject actions.
In some embodiments, executing unsupervised learning includes autoencoding the time series
data. In some embodiments, autoencoding the time series data includes autoencoding with a
temporal convolutional neural network (NN) variational autoencoder. In some embodiments, the
method further comprises filtering the decoded values based on relevance criteria for a particular
subject. In some embodiments, the different sources further include a second type sensor that
records a second type biophysical response of the at least one subject. In some embodiments, at

least one subject action is selected from physical activities of the subject and the ingestion of
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food by the subject. In some embodiments, at least one of the different sources is selected from
the group of accelerometer data, calendar data of the subject, and sleep state of the subject.
[0011] In another aspect, the present disclosure provides a system that can comprise: an
encoder configured to encode time series data values into encoded values in a latent space having
a predetermined metric distance from one another, the time series data being from a plurality of
different data sources that record features of at least one subject, at least one time series data
being for a first type biophysical response of the at least one subject; a value selector module
configured to determine orthogonal values from the encoded values; an decoder having a
decoding structure corresponding to the encoder and configured to generate decoded values from
the orthogonal values; and an action mapping module configured to map the decoded values to
actions of the at least one subject. In some embodiments, the autoencoder comprises a temporal
convolutional NN variational autoencoder. In some embodiments, the system further comprises a
filtering module configured to selectively discard some of the decoded values based on relevance
criteria for a particular subject. In some embodiments, at least another of the time series data is
for a second type biophysical response of the at least one subject. In some embodiments, the data
sources include a continuous glucose meter, heart rate monitor and food data logged by the at
least one subject.

[0012] In another aspect, the present disclosure provides a method that can comprise:
creating a data object in a system memory of a computing system; copying data into the data
object; by execution of a decorator function, transforming the data object into a data processing
object having an egress messaging function; processing the data of the data processing object
with one of a plurality of different machine learning processes; and upon completing the
processing of the data, returning a processing result and executing the egress messaging function.
In some embodiments, the plurality of different processes are asynchronous processes, and
wherein the method further comprises, upon receiving a message for the egress messaging
function: creating a next data object in the system memory; copying next data into data object;
by execution of the decorator function, transforming the next data object into a next data
processing object having the egress messaging function; and processing data of the next data
processing object with one of the machine learning processes. In some embodiments, the
processing result comprises a dictionary object that maps keys to values. In some embodiments,
the data comprises input data to an artificial neural network (ANN) for learning operations on the
ANN. In some embodiments, the data comprises input data to an artificial neural network (ANN)

for inference operations on the ANN.
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[0013] In another aspect, the present disclosure provides a system that can comprise: a data
store configured to store data for processing; system memory; a multiprocessing module
configured to execute a plurality of machine learning processes in parallel; and a data object
decorating function comprising instructions executable by the multiprocessing module and
configured to: create a data object in the system memory, copy data into the data object from the
data store, transform the data object into a data processing object having an egress messaging
function, and instantiate one of the machine learning processes to process the data of the data
processing object and return processing results and execute the messaging function to return a
message. In some embodiments, the multiprocessing module is resident on a server. In some
embodiments, the multiprocessing module is distributed over a plurality of servers. In some
embodiments, the machine learning processes include an artificial neural network (ANN). In
some embodiments, the ANN is selected from the group consisting of autoencoders (AEs),
generative adversarial networks (GANs), long short-term memory networks (LSTMs),
convolutional neural networks (CNNs), and reinforcement learning (RL) algorithms.

[0014] In another aspect, the present disclosure provides a method that can comprise:
creating a biophysical model with at least one machine learning architecture to predict a first
biophysical response, wherein the biophysical model has been trained with at least primary
sensor data and secondary sensor data, the primary sensor data capturing a first biophysical
response, the secondary sensor data capturing a second biophysical response; in response to at
least the secondary sensor data and not the primary sensor data, predicting a first biophysical
response of the subject with the biophysical model; determining if the predicted first biophysical
response is outside of predetermined limits; and if the predicted first biophysical response is
outside of predetermined limits, transmitting at least one recommendation to the subject, the at
least one recommendation selected to adjust the subject’s actual biophysical response to be
within the predetermined limits. In some embodiments, the method further comprises setting the
predetermined limits according to the subject’s health status. In some embodiments, the method
further comprises setting the predetermined limits according to a subject’s health goals. In some
embodiments, the first biophysical response includes a glucose response of the subject. In some
embodiments, the second biophysical response includes a heart rate of the subject. In some
embodiments, the biophysical model is also trained with data logged by the subject. In some
embodiments, the primary sensor data is generated from a continuous glucose monitor; the
secondary sensor data is generated from a heart rate monitor; and the data logged by the subject
is food eaten by the subject. In some embodiments, the at least one recommendation is selected

from a physical activity recommendation and a food recommendation. In some embodiments, the
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biophysical model comprises an artificial neural network configured as an autoencoder. In some
embodiments, the biophysical model comprises an artificial neural network configured as at least
a long short-term memory (LSTM) configured to predict a first biophysical response from a
recommendation. In some embodiments, the biophysical model comprises an artificial neural
network configured as at least one temporal convolutional neural network configured to predict a
first biophysical response of the subject. In some embodiments, the at least one recommendation
is selected from a recommendation set including canonical actions derived by autoencoding
heterogenous sensor data. In some embodiments, the method further comprises, if the predicted
first biophysical response is not outside of predetermined limits, transmitting a predetermined
message. In some embodiments, the predetermined message is selected from the group of: an
encouragement message and a reward. In some embodiments, the method further comprises
displaying the at least one recommendation on a subject device. In some embodiments, the
method further comprises capturing at least the secondary sensor data with an application
executable on a subject device. In some embodiments, the method further comprises capturing
the primary data with the application.

[0015] In another aspect, the present disclosure provides a method that can comprise:
training a glucose regulation model having at least one first parameter to predict glucose levels in
response to at least food source data; in response to information on a subject, substituting the at
least one first parameter with at least one personalized parameter in the glucose regulation model
to create a personalized glucose regulation model; and applying food source data from the
subject to the personalized glucose regulation model to predict a glucose level of the subject. In
some embodiments, the glucose regulation model includes at least one neural network. In some
embodiments, the glucose regulation model includes at least one statistical model selected form
the group consisting of: a long short-term memory neural network and recurrent neural network.
In some embodiments, the glucose regulation model includes at least one neural network trained
with data of a predetermined population. In some embodiments, the at least one first parameter
comprises an insulin resistance parameter. In some embodiments, the glucose regulation model
includes at least one glucose model selected from the group consisting of: a differential equation
model of glucose regulation and a glucose model comprising a set of coupled equations. In some
embodiments, the at least one differential equation model of glucose regulation includes a food
source function. In some embodiments, the method further comprises: training the food source
function with at least training data selected from the group consisting of: glycemic responses of a
population to predetermined foods, and glycemic responses calculated from data for

predetermined foods. In some embodiments, the method further comprises generating the
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personalized parameters of the subject by recording a glucose response of the subject with a
glucose meter. In some embodiments, the method further comprises generating the personalized
parameters of the subject by classifying the subject into a demographic equivalent group based
on characteristic data of the subject.

[0016] In another aspect, the present disclosure provides a system that can comprise: a
computing system comprising a glucose prediction model comprising at least one model
parameter operable to predict glucose levels in response to at least food source data; a model
parameter input configured to receive at least one personalized parameter as the at least one
model parameter, the at least one personalized parameter generated in response to data of a
subject; and a food source data input configured to apply food source data to the glucose
prediction model with the at least one personalized parameter to predict a glucose level of the
subject. In some embodiments, the glucose regulation model comprises a neural network. In
some embodiments, the glucose regulation model comprises a statistical model selected from the
group consisting of: a long short-term memory neural network and recurrent neural network. In
some embodiments, the glucose regulation model comprises at least at least one neural network
trained with data from a predetermined population. In some embodiments, the at least one model
parameter includes an insulin resistance parameter. In some embodiments, the glucose regulation
model is derived with supervised training based on at least one model of glucose regulation
selected from the group consisting of: a differential equation model of glucose regulation and a
glucose model comprising a set of coupled equations. In some embodiments, the at least one
differential equation model of glucose regulation includes a food source function. In some
embodiments, the food source function comprises at least one neural network trained with
training data selected from the group of: glycemic responses of a population to predetermined
foods, and glycemic responses calculated from data for predetermined foods. In some
embodiments, the system further comprises an electronic device configured to generate the food
source data. In some embodiments, the system further comprises a memory coupled to the model
parameter input and configured to store the personalized parameters.

[0017] In another aspect, the present disclosure provides a method that can comprise:
training, on a plurality of attributes, a first neural network (NN) to impute a first subset of the
plurality of attributes from a second subset of the plurality of attributes; training a second NN to
predict a target value from the first subset of the attributes and the second subset of attributes;
receiving a subset of input attributes of a plurality of input attributes from a subject; using the
first NN to impute remaining input attributes in the plurality of input attributes; and processing

the first subset of inputs attribute and the remaining input attributes with the second NN to
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predict a target value. In some embodiments, the first NN comprises an autoencoder. In some
embodiments, the second NN comprises a bidirectional recurrent NN. In some embodiments, the
recurrent NN is a long short-term memory NN. In some embodiments, the second subset of the
plurality of attributes and the subset of input attributes comprise nutrition data for food; and the
predicted target value is a glycemic value.

[0018] In another aspect, the present disclosure provides a system that can comprise: a
subject data input configured to receive input attributes from a subject; a first neural network
(NN) trained to impute related attributes from input attributes by randomly selecting attributes
from sets of attributes having associated target values, and configured to sequentially receive the
input attributes; a second NN trained to predict a target value from related attributes and the
input attributes, and configured to receive the input attributes and the related attributes generated
by the first NN; and a subject data output configured to output and update a predicted target
value from the second NN in response to the application of each input attribute to the first and
second NNs. In some embodiments, the system further comprises: a data store configured to
store training input attributes and corresponding training target values for training the first and
second NNs. In some embodiments, the first NN comprises an autoencoder. In some
embodiments, the second NN comprises a bidirectional recurrent NN. In some embodiments, the
recurrent NN is a long short-term memory NN.

[0019] In another aspect, the present disclosure provides a method that can comprise:
receiving sensor data from at least one sensor that generates biophysical readings for a subject;
by operation of a first neural network (NN), embedding the sensor data to generate embedded
values; by operation of a second NN, generating imputed embedded values in response to the
embedded values, the imputed embedded values including imputed values corresponding to one
or more regions of the sensor data; and normalizing the embedded imputed values to generate
imputed values. In some embodiments, the regions do not include data that is usable. In some
embodiments, receiving sensor data includes receiving data from a first sensor and a second
sensor different from the first sensor; and embedding the sensor data includes concatenating data
from the first and second sensors. In some embodiments, the first sensor is a glucose monitor. In
some embodiments, the second sensor is a heart rate monitor. In some embodiments, the second
NN comprises an autoencoder.

[0020] In another aspect, the present disclosure provides a system that can comprise: at least
one biophysical sensor that generates sensor data having missing regions where biophysical
readings are determined to be invalid or missing; a first neural network (NN) configured to

embed data values from the at least one sensor to generate embedded values; a second NN
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configured to generate imputed embedded values in response to the embedded values, the
imputed embedded values including imputed values corresponding to the missing regions of the
sensor data; and a normalizing system configured to normalize the embedded imputed values to
generate imputed values. In some embodiments, the at least one sensor includes a first sensor and
a second sensor different than the first sensor; and the first NN is configured to embed sensor
data from the first and second sensors in a same time period into single values. In some
embodiments, the first sensor is a glucose sensor. In some embodiments, the second sensor is a
heart rate monitor. In some embodiments, the second NN comprises an autoencoder.

[0021] In another aspect, the present disclosure provides a method that can comprise:
receiving a validated data set and a query data set, each data set including data values with
labels; by operation of a neural network (NN), classifying the validated data set and query data
sets with a probabilistic classifier conditioned on the data set values and target labels; and
generating a quality score based on a classification result for all data values of one data set. In
some embodiments, the method further comprises generating the query data set, including taking
biometric sensor readings with corresponding actions as labels. In some embodiments, the
biometric sensor comprises a glucose meter. In some embodiments, the labels comprise food log
data. In some embodiments, a distribution of the data values has the form p(X, Y, Z) where X is
the input distribution, Y is a categorical target of the probabilistic classifier, and Z varies
according to which data set the values belong to. In some embodiments, a classification of the
probabilistic classifier takes the form h(x) = p(z = 1|x, Y=1), and z equals 0 if x is from the data
set with validated labels and Z equals 1 if x is from the query data set.

[0022] In another aspect, the present disclosure provides a system that can comprise: a data
storage system configured to store data sets including data values with labels, the data sets
including at least a validated data set and a query data set; and an electronic system in
communication with the data storage system that includes at least one neural network configured
as a probabilistic classifier configured to classifying the validated data set and query data sets
with conditioned on the data set values and target labels, and a quality section configured to
examine a classification value for all data values in the query or validated data set and generate a
quality value in response thereto. In some embodiments, the system further comprises: at least
one biometric sensor configured to generate data values for the query data set. In some
embodiments, the biometric sensor comprises a glucose meter. In some embodiments, the
validated and query data sets include blood glucose levels with food logs as labels. In some
embodiments, a distribution of the data values has the form p(X, Y, Z) where X is the input

distribution, Y is a categorical target of the probabilistic classifier, and Z varies according to

-11 -



WO 2020/113128 PCT/US2019/063788

which data set the values belong to. In some embodiments, a classification of the probabilistic
classifier takes the form h(x) = p(X=1|x, Y=1), and Z equals O or 1 depending upon whether x is
from the validated data set or query data set.

[0023] In another aspect, the present disclosure provides a method that can comprise: storing
biophysical sensor signals and logged behavior corresponding to the biophysical sensor signals
in a data storage device, the stored data comprising training data; training a neural network on
the training data to classify biophysical sensor signals as resulting in target behaviors; receiving
input biophysical sensor data; and processing the input biophysical sensor data using the neural
network to classify a target behavior that results from the input biophysical sensor data. In some
embodiments, the biophysical sensor signals include glucose sensor signals and the logged
behavior includes logged food data. In some embodiments, the biophysical sensor signals
include heart rate monitor signals and the logged behavior includes logged food data. In some
embodiments, the target behavior is predicted food consumption. In some embodiments, the
method comprises: acquiring the input biophysical sensor signals with at least one sensor for a
subject; transmitting the input biophysical sensor signals to the neural network; and transmitting
the target behavior to a device of the subject.

[0024] In another aspect, the present disclosure provides a system that can comprise: a
storage system configured to store training data comprising training sensor data and
corresponding behavior data; at least one biophysical sensor configured to generate and transmit
subject sensor data; and a behavior prediction system configured to receive the subject sensor
data and comprising at least one electronic system comprising a neural network trained as a
classifier that classifies the subject sensor data into a target behavior, the classifier trained with
the training data. In some embodiments, the training data comprising training sensor data from a
plurality of different biophysical sensors; and the at least one biophysical sensor includes the
plurality of different biophysical sensors. In some embodiments, the training sensor data includes
glucose levels and the behavior data includes logged food corresponding to the glucose level; the
at least one biophysical sensor includes a glucose meter; and the target behavior is predicted food
ingestion. In some embodiments, the training sensor data includes heart rate data and the
behavior data includes logged food corresponding to the heart rate data; the at least one
biophysical sensor includes a heart rate monitor; and the target behavior is predicted food
ingestion. In some embodiments, the system further comprises: the behavior prediction system is
further configured to transmit the target behavior; and a subject device configured to receive the

target behavior.
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[0025] In another aspect, the present disclosure provides a method that can comprise:
receiving and storing string data corresponding to a description of a food item; applying the
string data to a language processor configured to determine nominative words and non-
nominative words from the string data; in response to the nominative words, querying an item
database with the nominative words; in response to non-nominative words, querying the item
database with the non-nominative words; and generating a list of query results in response to the
querying, the list of query results comprising recipes for the food items. In some embodiments,
the method further comprises: the language processor is further configured to determine
nominative words as explicit ingredients; and filtering the responses to the querying with the
explicit ingredients to generate the list of query results.

[0026] In another aspect, the present disclosure provides a system that can comprise: a
storage device configured to store a database comprising descriptions of food items; a language
processing system comprising at least one computing device configured to process text strings to
determine nominative and non-nominative words; a query system comprising at least one
computing device configured to apply first queries to the database in response to the nominative
words generated by the language processing system and to apply second queries to the database
in response to the non-nominative words to generate a list of query results in response to the
queries, the list of query results comprising recipes for the food items. In some embodiments, the
language processing system is further configured to determine nominative words as explicit
ingredients; and the query system is further configured to filter responses to the first or second
queries.

[0027] In another aspect, the present disclosure provides a method that can comprise:
receiving and storing first data comprising properties of an item; receiving and storing second
data comprising constituents of the item ranked in order of prevalence in the item; determining
the properties for at least one of the ranked constituents in a database to generate look-up data;
determining at least one amount of the at least one constituent in the item in response to the look-
up data; and storing the at least one amount of the at least one constituent as output data. In some
embodiments, receiving and storing first data includes receiving nutrition information for a food
item; and receiving and storing second data includes receiving ranked ingredient data for the
food item. In some embodiments, receiving and storing first and second data includes capturing
and processing image data of a food label of the food item. In some embodiments, the first data
includes n properties; second data includes m constituents; determining the properties for each
constituent includes creating and storing an nxm matrix of constituents and their properties; and

determining the amount of each constituent in the item includes solving a system of equations
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corresponding to y = Ax, where y is the amount of an ingredient, x is a constituent and A is the
matrix. In some embodiments, determining the amount of each constituent includes applying the
matrix A to a neural network configured for linear regression analysis.

[0028] In another aspect, the present disclosure provides a system that can comprise: a data
pre-processing section coupled to receive first data comprising properties of an item and second
data comprising constituents of the item having a ranked in order of prevalence in the item, and
including a processing device configured to create a data structure that represents properties for
each constituent; and an analysis section coupled to receive the data structure and including a
processing device configured to determine determining the amount of each constituent in the
item. In some embodiments, the system further comprises: an input device configured to capture
the first and second data for the item. In some embodiments, the input device comprises an
image capture device configured to capture the image of a label for the item. In some
embodiments, the first data comprises nutrition information of a food item and the second data
comprises ingredients of the food item. In some embodiments, the first data includes n
properties; second data includes m constituents; the data structure comprises a topological
mapping of constituents and their properties; and the analysis section is configured to solve a
system of equations corresponding to y = Ax, where y is the amount of an ingredient, X is a
constituent and A is the topological mapping. In some embodiments, the topological map is a
matrix and the analysis section comprises a neural network configured for linear regression
analysis.

[0029] In another aspect, the present disclosure provides a method that can comprise:
receiving and storing first data comprising properties of an item; receiving and storing second
data comprising constituents of the item ranked in order of prevalence in the item; determining
the properties for at least one of the ranked constituents in a database to generate look-up data;
determining at least one amount of the at least one constituent in the item in response to the look-
up data; and storing the at least one amount of each constituent as output data.

[0030] In another aspect, the present disclosure provides a method that can comprise:
training a word embedding system having a weighting matrix with training data comprising
string descriptions of items and properties of the items to embed the string descriptions of items
into an embedded space weighted according to the properties of the items; and applying an input
string description of the item to the trained word embedding system to infer an output word
embedding weighted according to the properties of the items. In some embodiments, training the

word embedding system includes training with food string descriptions with nutrition
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information as the properties. In some embodiments, applying the input string includes applying
a string description of a food item.

[0031] In another aspect, the present disclosure provides a system that can comprise: a
storage system configured to store training data that includes string descriptions of items and
properties of the items; a word embedding system using a neural network trained with the
training data to embed words of the string descriptions into an embedded space with a weighting
derived from the properties of an item corresponding to one of the string descriptions; and an
input configured to receive an input string and apply it to the word embedding system to
generate word embeddings weighted according to the properties. In some embodiments, the
training data includes word description of food items and nutrition information for the food
items. In some embodiments, the input string includes a description of the food item and the
generated word embeddings are weighted according to the nutrition information.

[0032] In another aspect, the present disclosure provides a method that can comprise:
training a word embedding system having a weighting matrix with training data comprising
string description of items and properties of the items to embed the word string items into an
embedded space weighted according to the properties of the corresponding item; and applying an
input string description of the item to the trained word embedding system to infer output word
embedding with the property weighting.

[0033] In another aspect, the present disclosure provides a system that can comprise: a
storage system configured to store training data that includes string descriptions of items and
properties of the items; a neural network configured as word embedding system trained with the
training data to embed words of the strings descriptions into an embedded space with a
weighting derived from the properties of the item corresponding to the string description; and an
input configured to receive an input string and apply it to the trained word embedding system to
generate word embeddings weighted according to the properties.

[0034] In another aspect, the present disclosure provides a method that can comprise (a)
obtaining text-based descriptions of a plurality of food items and, for each of the plurality of
food items, (i) nutrition data and a glycemic value or (ii) nutrition data or a glycemic value; (b)
generating embeddings of the text-based descriptions of the plurality of food items; (c) inferring,
based at least on the embeddings, a glycemic value for each food item in the plurality of food
items for which a glycemic value was not obtained and nutrition data for each food item in the
plurality of food items for which nutrition data was not obtained; (d) training a supervised
machine learning algorithm on the nutrition data and the glycemic values of the plurality of food

items to predict a glycemic value of a given food item from nutrition data of the given food item.

-15 -



WO 2020/113128 PCT/US2019/063788

In some embodiments, the method comprises providing the glycemic value of the given food
item to the supervised machine learning algorithm to predict the glycemic value of the given
food item. In some embodiments, the glycemic value is a glycemic index or a glycemic load. In
some embodiments, (b) comprises applying an unsupervised learning algorithm to the text-based
descriptions of the plurality of food items. In some embodiments, the unsupervised learning
algorithm is a dimensionality reduction algorithm. In some embodiments, the unsupervised
learning algorithm is an n-gram or bag-of-words model. In some embodiments, the supervised
machine learning algorithm is a deep neural network.

[0035] In another aspect, the present disclosure provides a system that can comprise: a data
storage system configured to store at least a first database and a second database, the first
database including descriptions of first items with corresponding attributes, the second database
including descriptions of second items with corresponding target values, at least some of the first
items being different than the second items; an embedding system comprising at least a first
computing device configured to merge the first and second databases to generate training data
that includes merged item descriptions with corresponding attributes and target values; and at
least a first inference system comprising a machine learning system trained with the training data
to infer target values from attributes. In some embodiments, the descriptions of items comprise
word descriptions. In some embodiments, the items are food items, the attributes are nutrition
data of the food items, and the target values are glycemic response values. In some
embodiments, the glycemic response values are selected from the group of: a glycemic index and
a glycemic load. In some embodiments, the system can further comprise a data capture section
configured to acquire nutrition data with at least a subject device, and wherein the at least first
inference system is configured to infer a glycemic index value from at least the acquired
nutrition data. In some embodiments, the system can further comprise at least a second inference
system that is configured to determine a blood glucose value of a subject in response to at least
glycemic response values of foods indicated as ingested by the subject. In some embodiments,
the embedding system comprises at least one neural network configured to embed descriptions of
first and second items into an embedded space.

[0036] In another aspect, the present disclosure provides a system that can comprise: a data
acquisition system configured to acquire attribute values for items; and at least a first inference
system configured to infer target values from the acquired attribute values, the first inference
system including: at least one neural network trained with training data generated by embedding
at least a first data set and second data set, the first data set including descriptions of items with

corresponding attributes, the second data set including descriptions of items with corresponding
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target values. In some embodiments, the system further comprises a training agent configured to
train the at least one neural network with the training data. In some embodiments, the system
further comprises at least a second inference system configured to infer a response for a subject
from at least inferred target values. In some embodiments, the target values are glycemic
response values for food items, and wherein the attribute values are nutrition values of the food
items. In some embodiments, at least the attribute values are text values embedded into a vector
space. In some embodiments, the system further comprises an application server configured to
transmit data to an application executed on a subject device in response to at least the inferred
target values.

[0037] In another aspect, the present disclosure provides a method that can comprise:
training a neural network with time series training data of a first modality and time series
training data of a second modality to create a first model that generates time series data of the
second modality from time series data of the first modality; training a second model with the
generated time series of the second modality, time series training data of a third modality, and
time series data of a fourth modality to generate time series data of the fourth modality; until a
convergence condition is reached, iteratively testing the second model on the time series data of
the first modality and the time series data of the third modality; and responsive to reaching the
convergence condition, predicting second modality data by testing the second model with data of
the first modality. In some embodiments, the method comprises: acquiring the time series
training data of the first modality with a first type sensor; and acquiring the time series training
data of the second modality with a second type sensor. In some embodiments, the second type
sensor is a glucose meter, and wherein the time series data of the second modality includes
glucose levels over time. In some embodiments, training the neural network to create the first
model includes training with N sets of time series training data, and wherein training the first
model with the estimated time series training data of the first modality and time series training
data of at least the third modality includes training with M sets of time series data. In some
embodiments, the method comprises testing the first model with the N sets of time series data
and the M sets of time series data and updating the first model in response to error values of the
testing, and wherein the trained first model is the first model with the smallest error. In some
embodiments, reaching a convergence condition includes calculating an error value not greater
than a threshold.

[0038] In another aspect, the present disclosure provides a system that can comprise: an
initial model section that includes a first model trained to generate time series data of a second

modality from time series data of a first modality with M sets of training data; a training section
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that includes: a second model derived from the first model and configured to generate time series
data of at least a third modality from at least time series data of a fourth modality with N sets of
training data, and a testing section configured to test the second model with the M and N sets of
training data, and update the second model in response to test error values; and an inference
model that is the second model with the lowest test error value, configured to infer time series
data of the second modality from time series data of the first modality. In some embodiments,
the first model, the second model and the inference model comprise neural networks. In some
embodiments, the time series data of the first and second modalities are biophysical sensor data.
In some embodiments, at least the time series data of the first and second modalities are glucose
levels corresponding to glucose meters. In some embodiments, the third and fourth modalities
are glucose levels. In some embodiments, the training section comprises: an inverse model that is
an inverse of the first model and configured to generate estimated time series data of the first
modality from the time series data of the third and a fourth modality; an estimator section
configured to generate linear parameters from the estimated time series data of the first modality
and the time series data of the third modality; section configured to generate mapped time series
data of the first modality from time series data of the third modality using the linear parameters,
wherein the second model is trained with the mapped time series data of the first modality.
[0039] In another aspect, the present disclosure provides a method that can comprise:
training a neural network with time series training data of a first modality and time series
training data of a second modality to create a first model that generates time series data of the
second modality from time series data of the first modality; until a convergence condition is
reached: using a second model to generate estimated time series data of the first modality from a
mixture of time series data from a third modality and a fourth modality, wherein the second
model is initiated as an inverse model of the first model; using the estimated time series data of
the first modality and time series data of the third modality, training the second model to
estimate linear fitting parameters; using the estimated linear fitting parameters to generate
analogous time series data of the first modality from the time series data of the third modality;
linearly mapping the analogous time series data of the first modality to the time series data of the
third modality; training a third model using the linearly mapped analogous time series data from
the first modality mixture of time series data of the third modality and time series data of the
fourth modality to generate a mixture of time series data from the third modality and time series
data from the fourth modality, wherein the third model is an inverse of the second model;

modifying the second model to be an inverse model of the third model; and evaluating whether
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the convergence condition has been reached. In some embodiments, training the third model
includes initializing the third model as the first model.

[0040] In another aspect, the present disclosure provides a method for training a neural
network to calibrate time series data. The method can comprise receiving calibrated time series
data for a biophysical response and corresponding raw time series data for the biophysical
response; training, on the calibrated time series data and the corresponding raw time series data
for the biophysical response, a neural network to generate calibrated time series data, which
training comprises updating parameters of the neural network based on a difference between (i)
an output of the neural network for a given raw time series and (ii) a corresponding calibrated
times series; receiving raw input time series data generated by a biophysical sensor; and
generating calibrated time series data by applying the raw input time series data to the neural
network. In some embodiments, the raw input time series data is generated by a glucose meter.
In some embodiments, the neural network is trained to cancel drift present in the raw input time
series data. In some embodiments, the raw time series data and raw input time series data are
generated by glucose meters. In some embodiments, training the neural network further
comprises domain specific feature engineering. In some embodiments, training the neural
network comprises unsupervised training.

[0041] In another aspect, the present disclosure provides a method that can comprise:
building data structures from a plurality of data sets having an ordering, the data structures
including interval trees based on the ordering; determining if any structures have missing
intervals in the interval tree; if a data structure has a missing interval, creating data for the
missing interval by imputing data values for the missing interval; accessing the data structures by
at least searching the interval trees in response to query data; and forming a tabular data structure
from the accessed data values that includes a column reflecting the ordering. In some
embodiments, the data sets comprise actions ordered in time. In some embodiments, determining
if any of the data structures have missing intervals includes classifying data structures into a first
class if they have no missing intervals and a second class if they have missing intervals. In some
embodiments, accessing data values from the data structures includes an operation selected from
the group consisting of: selecting a data structure for a query operation; querying a region of a
data structure dictated by the ordering; joining query results; and merging overlapping regions of
different data structures. In some embodiments, forming the tabular data structure includes
forming a dataframe from the accessed data values. In some embodiments, forming the tabular
data structure includes forming a dataframe from the accessed data values. In some

embodiments, the data sets comprise different subject events having an ordering, and wherein
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forming the tabular data structure includes forming a tabular data structure that includes different
subject events over a queried time period. In some embodiments, at least one of the subject
events is a biophysical response of the subject. In some embodiments, the biophysical response
is a glucose level of the subject.

[0042] In another aspect, the present disclosure provides a system that can comprise: a data
store configured to store tabular data sets, each having data values with an ordering; and memory
comprising machine-executable instructions that when executed by a processor cause the
processor to perform operations comprising: create data structures that include interval trees
based on the ordering, determining if any of the interval trees includes missing intervals, if an
interval tree has a missing interval, imputing data for the missing interval, accessing data values
from the data structures by at least searching the interval trees of the data structures in response
to query data, and forming a tabular data structure from the accessed data values that includes a
column reflecting the ordering. In some embodiments, the data store is configured to store
tabular data sets having time or date column corresponding to subject actions. In some
embodiments, the processing section is configured to execute an operation selected from the
group consisting of: selecting a data structure query operation; querying a region of a data
structure dictated by the ordering; joining query results; and merging overlapping regions of
structures. In some embodiments, the data store is configured to store tabular data sets
comprising different subject events having an ordering, and wherein the processing section is
configured to forming tabular data structures that includes different subject events over a queried
time period. In some embodiments, at least one of the subject events is a biophysical response of
the subject. In some embodiments, the biophysical response is a glucose level of the subject.
[0043] Another aspect of the present disclosure provides a non-transitory computer readable
medium comprising machine executable code that, upon execution by one or more computer
processors, implements any of the methods above or elsewhere herein.

[0044] Another aspect of the present disclosure provides a system comprising one or more
computer processors and computer memory coupled thereto. The computer memory comprises
machine executable code that, upon execution by the one or more computer processors,
implements any of the methods above or elsewhere herein.

[0045] Additional aspects and advantages of the present disclosure will become readily
apparent to those skilled in this art from the following detailed description, wherein only
illustrative embodiments of the present disclosure are shown and described. As will be realized,
the present disclosure is capable of other and different embodiments, and its several details are

capable of modifications in various obvious respects, all without departing from the disclosure.
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Accordingly, the drawings and description are to be regarded as illustrative in nature, and not as

restrictive.

INCORPORATION BY REFERENCE
[0046] All publications, patents, and patent applications mentioned in this specification are
herein incorporated by reference to the same extent as if each individual publication, patent, or
patent application was specifically and individually indicated to be incorporated by reference.
To the extent publications and patents or patent applications incorporated by reference contradict
the disclosure contained in the specification, the specification is intended to supersede and/or

take precedence over any such contradictory material.

BRIEF DESCRIPTION OF THE DRAWINGS
[0047] The novel features of the invention are set forth with particularity in the appended
claims. A better understanding of the features and advantages of the present invention will be
obtained by reference to the following detailed description that sets forth illustrative
embodiments, in which the principles of the invention are utilized, and the accompanying
drawings (also “Figure” and “FIG.” herein), of which:
[0048] FIG. 1 is a block diagram of a system according to an embodiment;
[0049] FIG. 2 is a block diagram of another system according to an embodiment;
[0050] FIG. 3 is a block diagram of a recommendation system according to an embodiment.
[0051] FIG. 4A is a block diagram of a recommendation system according to another
embodiment.
[0052] FIG. 4B is a block diagram of subject data input and output that can be used like that
of FIG. 4A.
[0053] FIG. 4C is a block diagram biophysical reaction model according to an embodiment.
[0054] FIG. 4D is a block diagram of a predictor that can be included in a system like of
FIG. 4A.
[0055] FIG. 4E is a block diagram of an autoencoder (AE) and generative adversarial
network (GAN) that can be included in embodiments.
[0056] FIG. 5 is a block diagram of data prediction system according to an embodiment.
[0057] FIG. 6 is a block diagram of a biophysical prediction system according to an
embodiment.
[0058] FIG. 7 is a block diagram of a system and method for encoding time series data to
infer canonical actions of a subject.

[0059] FIG. 8 is block diagram of an evaluation system according to an embodiment.
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[0060] FIG. 9 is block diagram of an evaluation system according to another embodiment.
[0061] FIG. 10 is block diagram of prediction system according to an embodiment.

[0062] FIG. 11 is a block diagram of a glucose level prediction system according to an
embodiment.

[0063] FIG. 12A is a flow diagram of a method for processing data objects according to an
embodiment;

[0064] FIG. 12B is code showing a method for decorating data objects for post process
messaging according to an embodiment;

[0065] FIGS. 12C and 12D are diagrams showing the processing of data objects according
to an embodiment;

[0066] FIG. 13 is a flow diagram of a method according to an embodiment;

[0067] FIG. 14 is a flow diagram of a method of health management according to an
embodiment;

[0068] FIG. 15 is a flow diagram of a method of coaching according to an embodiment;
[0069] FIGS. 16A to 16C are diagrams showing a data acquisition application according to
an embodiment;

[0070] FIGS. 17A to 17F are diagrams showing a recommendation application according to
an embodiment;

[0071] FIG. 18A is a block diagram showing a system and method for generating a
personalized biometric response according to an embodiment;

[0072] FIG. 18B is a block diagram showing a system and method for generating a
personalized glycemic response corresponding to a food source according to an embodiment;
[0073] FIG. 19A is a block diagram showing a system and method for automatically
predicting target values in response to attributes for such target values according to an
embodiment;

[0074] FIGS. 19B and 19C are block diagrams showing a system and method for
automatically predicting a glycemic response as nutrients of a food item are sequentially input to
a system according to an embodiment;

[0075] FIG. 20A is a block diagram showing a system and method for imputing data values
for missing portions of a sensor data set according to an embodiment;

[0076] FIG. 20B is a block diagram showing a system and method for imputing data values
for one sensor based a model created with multiple sensors according to an embodiment;

[0077] FIGS. 20C and 20D are diagrams showing one example of data imputation

according to an embodiment;
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[0078] FIG. 21A is a diagram of a data set quality determination system and method

according to an embodiment;

[0079] FIG. 21B is diagram of a system and method for determining a quality of data sets
that include sensor data labeled with logged behavior data;

[0080] FIG. 22A is a block diagram of a system and method for determining a subject
behavior from sensor signals according to an embodiment;

[0081] FIG. 22B is a block diagram of a system and method for determining food ingestion
in response to sensor signals according to an embodiment;

[0082] FIG. 23A is a block diagram of a system for determining the formula of an item from
a text description of the item according to an embodiment;

[0083] FIG. 23B is a block diagram of a system and method for determining the composition
of a food item from a written description of the food item according to an embodiment;

[0084] FIG. 24A is a block diagram of a system and method for determining the formula of
an item from a text description of the item according to an embodiment;

[0085] FIG. 24B is a block diagram of a system and method for determining the amount of
ingredients in a food item based on ranked ingredients according to an embodiment. FIG. 24C
is a diagram showing one example of food item data that can be acquired in an embodiment like
that of FIG. 24B;

[0086] FIGS. 25A and 25B are block diagrams of a system and method for embedding food
string data into space weighted with nutrition information according to an embodiment;

[0087] FIG. 26 is a flow diagram of a method according to an embodiment according to an
embodiment;

[0088] FIG. 27 is a flow diagram of a method according to another embodiment according to
an embodiment;

[0089] FIG. 28 is a block diagram showing a system and method for creating a model for
predicting a target value from attribute values from data sets that match targets with items and
attributes with items according to an embodiment;

[0090] FIG. 29 is a block diagram showing a system and method for creating a model for
predicting glycemic values from nutrition facts from data sets that match food items with
nutrition facts and food items with glycemic values according to an embodiment;

[0091] FIG. 30 is a block diagram showing a system and method for creating a model for
predicting time series data, using time series training data sets, one or more of which may not

have a high degree of accuracy;
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[0092] FIG. 31 is a block diagram showing a system and method for creating a model for

predicting time series sensor data using time series sensor data of different modalities;

[0093] FIG. 32 is a block diagram showing a system and method for creating a model for
calibrating time series data;

[0094] FIG. 33A is a block diagram showing a system and method for creating a drift
cancellation model for calibrating time series glucose data. FIGS. 33B and 33C are diagrams of
raw and calibrated time series data;

[0095] FIGS. 34 and 35 are block diagrams showing systems and methods for creating
interval tree like structures from tabular data sets to present data for events across the data sets
according to embodiments;

[0096] FIGS. 36A to 36E are diagrams showing data sets and outputs for a system like that
shown in FIGS. 34 or 35; and

[0097] FIG. 37 shows a computer system that is programmed or otherwise configured to

implement methods provided herein.

DETAILED DESCRIPTION
[0098] While various embodiments of the invention have been shown and described herein,
it will be obvious to those skilled in the art that such embodiments are provided by way of
example only. Numerous variations, changes, and substitutions may occur to those skilled in the
art without departing from the invention. It should be understood that various alternatives to the
embodiments of the invention described herein may be employed.
[0099] Whenever the term “at least,” “greater than,” or “greater than or equal to” precedes

2

the first numerical value in a series of two or more numerical values, the term “at least,” “greater
than” or “greater than or equal to” applies to each of the numerical values in that series of
numerical values. For example, greater than or equal to 1, 2, or 3 is equivalent to greater than or
equal to 1, greater than or equal to 2, or greater than or equal to 3.
[0100] Whenever the term “no more than,” “less than,” or “less than or equal to” precedes
the first numerical value in a series of two or more numerical values, the term “no more than,”
“less than,” or “less than or equal to” applies to each of the numerical values in that series of
numerical values. For example, less than or equal to 3, 2, or 1 is equivalent to less than or equal
to 3, less than or equal to 2, or less than or equal to 1.
[0101] The present disclosure provides systems and methods that can acquire sensor and
other data that records subject actions and utilize reinforcement learning to predict a subject
response. The prediction can be a prediction of a biophysical response and/or behavioral
response. Embodiments can utilize custom variational encoding to model subject actions and
-24-



WO 2020/113128 PCT/US2019/063788

responses. In some embodiments, the systems described herein can generate a recommendation
for a subject based on a reward function and the subject’s historical actions.

[0102] FIG. 1 shows a system 100 according to an embodiment. The system 100 can include
one or more of any of the following: machine learning (ML) servers 102, application servers
104, a data store 106, data sources 108-0 to 108-2, and subject device 110. The data sources
108-0 to 108-2, ML and application servers (102, 104) and subject devices 110 can be in
communication with one another through a communication network 112. The communication
network 112 can be wired or wireless. For example, the communication network 112 can be a
Bluetooth network, a Wi-Fi network, a local area network, a wide area network, a cellular
network, or the like. In some cases, the communication network 112 can be the Internet.

[0103] The ML servers 102 can include appropriately-programmed hardware for
implementing the various ML systems and functions described herein. The hardware can be
general-purpose processors, graphics processing units (GPUs), application-specific integrated
circuit (ASIC), or machine learning accelerators, to name a few examples. The ML servers 102
can implement artificial neural networks (ANN) of various architectures as will be described
herein. Such ANNs can perform various functions, including learning and inference operations
on data received from data sources 116, 118, and 120 as well as other data residing on the date
store 122. The ANNSs can autoencoders (AEs), generative adversarial networks (GANs), long
short-term memory networks (LSTMs), convolutional neural networks (CNNs), reinforcement
learning (RL) algorithms, and any other artificial neural network (ANN) or related architecture
suitable for the systems and methods described herein.

[0104] In general, the ML algorithms implemented on the ML servers 102 can be used to
predict a subject’s biophysical response (e.g., a glucose response) or make a recommendation
(e.g., a diet or physical activity recommendation) that is configured to alter or maintain an aspect
of the subject’s health (e.g., glucose level). The ML algorithms can be supervised learning
algorithms, semi-supervised learning algorithms, unsupervised learning algorithms,
reinforcement learning algorithms, or the like.

[0105] A supervised ML algorithm can be trained using labeled training inputs, i.e., training
inputs with known outputs. The training inputs can be provided to an untrained or partially
trained version of the ML algorithm to generate a predicted output. The predicted output can be
compared to the known output, and if there is a difference, the parameters of the ML algorithm
can be updated. A semi-supervised ML algorithm can be trained using a large number of

unlabeled training inputs and a small number of labeled training inputs. An unsupervised ML
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algorithm, e.g., a clustering or dimensionality reduction algorithm, can find previously unknown
patterns in data sets without pre-existing labels.

[0106] A reinforcement learning algorithm may seek an optimal solution to a problem by
balancing exploration of uncharted territory with exploitation of current knowledge. In
reinforcement learning, labeled input-output pairs need not be used. Instead, an agent (e.g., an
ML algorithm) can choose an action from a set of available actions. The action may result in a
new environmental state. The new environmental state may have a reward associated with it, and
the reward may be positive or negative depending on whether the new state is better or worse
than the previous state. The goal of the agent may be to collect as much reward as possible, e.g.,
optimize a subject’s glucose level. The set of available actions from which the agent can choose
may be a probability distribution of actions. The probability distribution may be adjusted as the
agent receives rewards. That is, actions that result in negative rewards may be slowly filtered out
of the probability distribution, while actions that result in positive rewards may be emphasized in
the probability distribution. In the context of biophysical responses, the state may be a subject’s
glucose level, and the reward function may reward recommendations (e.g., medical, diet, or
physical activity recommendations) that maintain or achieve a normal glucose level.

[0107] The ML algorithms used herein may be neural networks. Neural networks can
employ multiple layers of operations to predict one or more outputs, e.g., the glucose level of a
subject. Neural networks can include one or more hidden layers situated between an input layer
and an output layer. The output of each layer can be used as input to another layer, e.g., the next
hidden layer or the output layer. Each layer of a neural network can specify one or more
transformation operations to be performed on input to the layer. Such transformation operations
may be referred to as neurons. The output of a particular neuron can be a weighted sum of the
inputs to the neuron, adjusted with a bias and multiplied by an activation function, e.g., a
rectified linear unit (ReL.U) or a sigmoid function.

[0108] Training a neural network can involve providing inputs to the untrained neural
network to generate predicted outputs, comparing the predicted outputs to expected outputs, and
updating the algorithm’s weights and biases to account for the difference between the predicted
outputs and the expected outputs. Specifically, a cost function can be used to calculate a
difference between the predicted outputs and the expected outputs. By computing the derivative
of the cost function with respect to the weights and biases of the network, the weights and biases
can be iteratively adjusted over multiple cycles to minimize the cost function. Training may be
complete when the predicted outputs satisfy a convergence condition, e.g., a small magnitude of

calculated cost as determined by the cost function.
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[0109] Examples of neural networks include CNNs, recurrent neural networks (RNNs) (e.g.,

LSTMs), and others. CNNs are neural networks in which neurons in some layers, called
convolutional layers, receive pixels from only small portions of the input data set. These small
portions may be referred to as the neurons’ receptive fields. Each neuron in such a convolutional
layer can have the same weights. In this way, the convolutional layer can detect features in any
portion of the input data set. CNNS may also have pooling layers that combine the outputs of
neuron clusters in convolutional layers and fully-connected layers that are similar to traditional
layers in a feed-forward neural network. In some cases, CNNs may be used to detect objects in
any portion of an image or video.

[0110] RNNSs, meanwhile, are neural networks with cyclical connections that can encode
dependencies in time-series data, e.g., continuous glucose monitoring data, An RNN can include
an input layer that is configured to receive a sequence of time-series inputs. An RNN can also
include one or more hidden recurrent layers that maintain a state. At each time step, each hidden
recurrent layer can compute an output and a next state for the layer. The next state can depend on
the previous state and the current input. The state can be maintained across time steps and can
capture dependencies in the input sequence. Such an RNN can be used to encode times-series
features of a subject’s glucose levels, for example.

[0111] One example of an RNN is an LSTM, which can be made of LSTM units. An LSTM
unit can be made of a cell, an input gate, an output gate, and a forget gate. The cell can be
responsible for keeping track of the dependencies between the elements in the input sequence.
The input gate can control the extent to which a new value flows into the cell, the forget gate can
control the extent to which a value remains in the cell, and the output gate can control the extent
to which the value in the cell is used to compute the output activation of the LSTM unit. The
activation function of the LSTM gate can be the logistic function.

[0112] The ML algorithms used here may alternatively or additionally be GANs. A GAN
can include a generative network and a discriminative network. The generative network can
generate candidate simulations while the discriminatory network can evaluate the candidate
simulations. The goal of the discriminatory network may be to distinguish between a simulation
and a true data distribution, while the goal of the generative network may be to increase the error
rate of the discriminatory network. Backpropagation can be applied to both networks so that the
generative network produces better simulations, while the discriminative network becomes more
skilled at flagging simulations.

[0113] The ML algorithms used herein may alternatively or additionally be AEs. AEs can

have an encoder that is configured to generate a reduced-dimension representation of an input
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and a decoder that is the configured to reconstruct the input from the reduced-dimension
representation. An AE can be trained by comparing the input to the output and adjusting the
weights of the encoder and decoder accordingly. One of the main purposes of AEs is to extract
features from data. An AE can be used to detect anomalous data, e.g., data that is different than
the training data.

[0114] In some embodiments, the ML servers 102 can include reinforcement learning (RL)
agents 114 that can operate in response to inputs from data sources 108-0 to -2 to generate
suggested actions based on a desired reward function. Such suggested actions can be provided to
auser device 110 by operation of a ML or application server (102, 104). Subject responses and
behavior as recorded by data sources (108-0 to -2) can be encoded into a latent space with
custom variational encoding 116 to model and predict subject responses. In particular
embodiments, ML servers 102 can include a personalized blood glucose predictor 118 for
predicting subject blood glucose levels, and recommendations generated by RL agents 114 can
be actions to help maintain blood glucose levels predetermined-levels.

[0115] In other embodiments, the ML servers 102 can include training data generation
systems and feature prediction systems. The training data generation systems can use ML
processes to generate training data to train the feature prediction system, which can also use ML
processes. In some embodiments, the training data generation systems can embed descriptive
data to enable a targeted feature to be inferred from such descriptive data. In this disclosure, the
word “embed” or “embedding” may refer to a process by which words or phrases, e.g., text-
based descriptions of food items, are mapped to vectors of real numbers. The resulting vector
space may have a lower dimension than the input (i.e., the words and phrases). As such,
embedding may be considered a dimensionality reduction technique. The feature inference
system can be trained to infer a target feature, e.g., a glycemic index of the food items, from the
embeddings.

[0116] The application server 104 can interact with one or more applications running on the
subject device 110. In some embodiments, data from data sources (108-0 to -2) can be acquired
via one or more applications on the subject device 110 and provided to application server 104,
Application server 104 can communicate with subject device 110 according to any suitable
secure network protocol. The application server 104 can reside on the same or different physical
server as the ML servers 102. The application server 104 can relay subject data from the subject
device 110 to the ML server 102.

[0117] The data store 106 can store data for system 100. In some embodiments, data store

106 can store data received from data sources (108-0 to -2) (e.g., data from one or more subjects)
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as well as other data sets acquired by third parties. Data store 106 can also store various other
types of data, including configuration data for configuring operations for ML servers 102. The
data store 106 can take any suitable form, including one or more network-attached storage
systems. In some embodiments, all or a portion of the data store 106 can be integrated with any
of the ML or application servers (102, 104).

[0118] In some embodiments, data for data sources (108-0 to -2) can be generated by sensors
or can be logged data provided by subjects. In FIG. 1, data source 108-0 can correspond to a
first type sensor 120-0 (e.g., a heart rate monitor), data source 108-1 can correspond to a second
type sensor 120-1 (e.g., a continuous glucose monitor), and data source 108-2 can correspond to
logged data 122 provided by a subject. Logged data 122 can include text data or image data
(e.g., text data or image data describing or defining nutritional information of a food).

[0119] The second type sensor 120-1 and the logged data 122 can be “indirect” data sources
in that data from such sources can be used to infer other data. For example, data from the second
type sensor 120-1 and the logged data 122 can be used to infer data from the first type sensor
120-0, which may be considered a “direct” data source. In some embodiments, logged data 122
can be processed to infer a biophysical response different from the response(s) that the second
type sensor 120-1 records or detects. In some embodiments, both direct and indirect data can be
used to train and calibrate biophysical models, however, direct data may not be used in inference
operations in such embodiments. Instead, only the indirect data sources may be used during
inference. In some embodiments, the first type sensor 120-0 can be a sensor that is more difficult
to employ than the second type sensor 120-1. The sensors can record data and transmit the data
to the subject device 110 over a local network (e.g., Bluetooth network). The subject device 110
can then transmit the data to one or more servers (e.g., ML servers 102 or application server
104). In addition or alternatively, such sensors can also transmit such data to one or more servers
(102, 104) without a subject device (e.g., directly, or via one or more intermediate devices).
[0120] In some embodiments, the first type sensor 120-0 can be a continuous glucose
monitor (CGM), which can track a glucose level of a subject. The second type sensor 120-1 can
be heart rate monitor (HRM) which can track a subject’s heart rate. Logged data 122 can be
subject nutrition data. In some embodiments, an application running on the subject device 110
can acquire the logged data 122. In some embodiments, the application can capture an image.
The image can be, for example, an image of a nutrition label on a pre-packaged food item, an
image of a barcode that encodes nutritional information for a particular food, one or more actual
food items (e.g., a piece of fruit or a full meal), or the like. ML algorithm on the ML servers 102

can infer nutrition values from the images and, using such nutrition values, infer the glucose
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response of the subject. The image can be an image of text (e.g., labels 122-1) which can be
subject to optical character recognition to generate computer-readable text, and such text can be
applied to an inference engine.

[0121] While FIG. 1 shows particular data sources for particular biophysical modeling and
prediction, embodiments can include any other suitable sensor applications, particularly those
applications having a “difficult” sensor (e.g., a direct sensor) that is more difficult, complex, or
expensive to implement than one or more other “easy” sensors and/or subject data logging. Data
from a difficult sensor can be used to train ML models that can infer a subject response from
data from easy sensors and/or subject data logging as inputs.

[0122] The subject device 110 can be any suitable device, including but not limited to, a
smart phone, personal computer, wearable device, or tablet computing device. The subject
device 110 can include one or more applications that can communicate with application server
104 to provide data to, and receive data from, biophysical models residing on ML servers 102.
In some embodiments, the subject device 110 can be an intermediary for any of data sources
(108-0 to -2). The communication network 112 can be any suitable network, including a local
area network, wide area network, or the internet, for example.

[0123] Referring to FIG. 2, a system 200 according to another embodiment is shown in a
block diagram. The system 200 can include data source inputs 208-0, 208-1, 208-2, a subject
data capture portion 224, a storage portion 206, a data pre-processing portion 226, a ML services
portion 202, and an application services portion 204. Data source inputs (208-0, 208-1, 208-2)
can provide data for learning operations in ML services portion 202 that create biophysical
models for a subject. Any or all of data source inputs (208-0, 208-1, 208-2) can provide data for
inference operations executed on models resident in ML services portion 204. In very particular
embodiments, data source inputs (208-0, 208-1, 208-2) can include any of the sensors and/or
subject data logging described herein or equivalents.

[0124] Data store portion 206 can include subject data storage 206-0 as well as non-subject
data storage 206-1. Subject data storage 206-0 can be data for particular subjects for which ML
models have been created or are being created. Non-subject data storage 206-1 can include data
derived from other sources that can be used for other purposes such as training and creating
models. Such data can include, but is not limited to, data from non-subjects, such as participants
in third-party studies.

[0125] A data pre-processing portion 226 can process data from data store portion 206 Data
pre-processing portion 226 can include instructions executable by a processor to place data into

particular formats for processing by ML services portion 202.
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[0126] ML services portion 202 can include computing systems configured to create ML

models and architectures through supervised and/or unsupervised learning with any of data
source inputs 208-0, 208-1, 208-2. In addition, ML services portion 202 can include ML models
and/or architectures that generate inference results based on any of data source inputs 208-0,
208-1, 208-2. ML services portion 202 can include single computing devices that include ANNs
of the various architectures described herein, as well as ANNSs distributed over networks. As in
the case of FIG. 1, ML services portion 202 can include AEs, GANs, LSTMs, CNNs, RL
algorithms, and any other suitable ANN or other statistical learning agent, and related
architectures. In some embodiments, ML services portion 202 can include reinforcement
learning agents 214, custom variable encoders 216, and one or more networks configured to
predict a reaction 218 customized to a user based on any of data source inputs (208-0 to -2).
[0127] Application services 204 can access models or other networks resident in ML
services portion 202 to provide data for one or more subject applications 228 resident on a
subject device 210. Applications 228 can utilize model/network outputs to provide information
to subjects. In some embodiments, application services portion 228 can provide recommended
actions for subjects based on subject responses predicted by models/networks in ML services
portion 202. In some embodiments, application services portion 228 can recommend subject
actions based on predicted glucose levels of subjects and subjects recorded activities. The
recommended actions can be diet-related, physical activity-related, or the like. While application
services portion 204 can service applications 228 running on subject devices 110, in other
embodiments application services 204 can execute applications and provide (e.g., push) data to
other services (e.g., email, text, social network, etc.).

[0128] Referring still to FIG. 2, example operations performed by the system 200 will now
be described. The sensors 208 can acquire two or more different types of data. In some cases,
one type of data may be an input feature or attribute and another type of data may be a target
output (e.g., an output to be predicted by an ML algorithm). Both types of data may be
associated with text-based descriptions. The ML services portion 202 can generate embeddings
of the text-based descriptions using an embedding function. Such embeddings can be used to
infer the input features or attributes or the target output. The inferred values can be used to train
the system 200 to predict the target output from the input feature or attribute.

[0129] For example, the embedding function can generate embeddings of descriptions of
food items. Thereafter, the embeddings and corresponding glycemic values for such food items

(which serve as labels) can be used to train the inference system (e.g., a supervised machine
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learning algorithm such as an ANN) to predict glycemic values using only standard nutrition
data of the food items, which may be more readily available than glycemic values.

[0130] While embodiments can include numerous systems and methods for modeling and
predicting subject responses, some embodiments can include systems and methods for making
personalized recommendations for a subject, based on predicted reactions of a subject.

[0131] FIG. 3 is a block diagram of a recommendation system 300, according to an
embodiment. The system 300 can generate recommendations for a subject 330. The system 300
can include a subject reaction model 318, reward functions 332-0/1, and an RL section 314. The
subject reaction model 318 can be a personalized model for the subject 330. The system 300 can
include a high frequency loop 336 and a low frequency loop 338.

[0132] The high frequency loop 336 can include the RL section 314, the subject reaction
model 318, and the reward function 332-0. The RL section 314 can be an ML model. For
example, the RL section 314 can be a neural network. The RL section 314 can initially be
configured with random weights or parameters. The RL section 314 can be configured to
generate a recommendation 340-0 for a subject 330. The recommendation 340-0 can be a diet,
physical activity, sleep, hydration, or stress release recommendation, for example. Based on
recommendation 340-0 and subject reaction 334, subject reaction model 318 can generate a
predicted subject reaction 344. The predicted subject reaction 344 can be the subject’s predicted
reaction to the recommendation 340-0. The reward function 332-0 can process the predicted
subject reaction 340-0 to generate a reward for the RL section 314. The reward function 332-0
can generate a positive reward if the predicted subject reaction 340-0 is beneficial to a particular
health measurement of interest (e.g., the subject’s glucose level) and a negative reward if the
predicted subject reaction is detrimental to the health measurement of interest. The weights or
parameters of the RL section 314 can be adjusted to account for the award. In general, the RL
section 314 may iteratively adjust its weights or parameters to maximize the reward it receives.
Such actions can continue until high frequency loop 336 arrives at a particular subject
recommendation 340-1 (for example an optimal recommendation) which can be issued to subject
330. Subject recommendation 340-1 can be generated according to various criteria. For
example, a reward function value, number of iterations, or amount of time passed, to name only
a few.

[0133] The low frequency loop 338 can use a subject’s actual response to recommendations
to generate new recommendations. The low frequency loop 338 can include recommendation
340-1 (arrived at by RL section 314 according to predetermined criteria), reward function 332-1,

and RL section 314. The subject actual response 334 to the low frequency (e.g., optimal)
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recommendation 334-1 can be evaluated by a reward function 332-1, to generate inputs to RL
section 314. RL section 314 can seek to maximize a reward to generate a recommendation 340-0
(which may be included in high frequency loop 336).

[0134] While recommendation systems as described herein can be implemented in various
applications, some embodiments can model a subject’s biophysical response to provide
recommendations for achieving a goal, such as improved health. Such an embodiment is shown
in FIG. 4.

[0135] FIG. 4A shows a recommendation system 400 according to another embodiment.
The recommendation system 400 can be an implementation of the system 300 of FIG. 3.
Recommendation system 400 can provide health related recommendations for a subject based on
biophysical responses. Biophysical responses can include any responses described herein (e.g.,
glucose response, insulin, weight). In some embodiments, recommendations can include physical
activities and/or nutrition suggestions based on biophysical sensor readings and/or other data
logged by a subject. In particular embodiments, an encoded biophysical response 434 can
include heart rate monitor data and logged food data encoded into a latent space.

[0136] In FIG. 4A, subject sensor and/or data logging 430 can provide encoded subject
responses 434 and historical data for a subject 442 to a system 400. In response, a system 400
can provide an encoded recommendation 440-1.

[0137] The system 400 can have a high frequency loop 436. The high frequency loop 436
can have a RL section 414, a subject biophysical reaction model 418, and a reward function 432-
0. The RL section 414 can generate a recommendation 440-0. The recommendation 440-0 can be
a recommendation to eat a particular food, participate in a physical activity, or the like. Subject
biophysical reaction mode 418 can receive the recommendation 440-0, as well as subject
historical data 442 and encoded subject biophysical responses 434 for a subject. In response,
subject biophysical reaction mode 418 can generate a predicted subject reaction 444. The
predicted subject reaction 444 can be evaluated by reward function 432-0. Reward function 432-
0 can base its evaluation on a health-related outcome. In some embodiments, the health-related
outcome can be a function of the blood glucose level of a subject. The resulting output of the
reward function 432-0 output can be provided to RL section 414. The weights of the RL section
414 can be adjusted based on the output of the reward functions 432-0. High frequency loop 436
can continue until a predetermined point at which RL section 414 can issue a current, low
frequency recommendation 438 to a subject. Such a predetermined point can be based on some
quantitative value of reward function (e.g., convergence, optimality), or number of iterations, or

time-based periodicity, or some combination thereof, to name a few examples.
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[0138] The low frequency loop 438 can include reward function 432-1 and RL section 414.

Encoded subject biophysical responses 434 can be applied to reward function 432-1. As in the
case of reward function 432-0, reward function 432-1 can evaluate responses 434 on a health-
related outcome. In some embodiments, reward function 432-1 can have the same or similar
reward states as reward function 432-0. The resulting output of reward function 432-0 can be
provided to RL section 414. As noted above, RL section 414 can receive more frequent reward
function evaluations from high frequency loop 436.

[0139] FIG. 4B is a diagram showing subject sensor and/or data logging 430 according to an
embodiment and can be one implementation of that shown in FIG. 4A. Subject sensor and other
data 446 can be received from any suitable source as described herein and equivalents. Such data
446 can be received in processed form, including encoded form, however in FIG. 4B data 446 is
received in unencoded form.

[0140] Subject sensor and other data 430 can be encoded by an encoder 448 to generate
encoded subject biophysical response 434 for use by a reward function and/or subject
biophysical reaction model. Encoded data 430 can also be stored or further encoded in data
history 450, which can be accessed to acquire subject historical data 442. In the embodiment
shown, low frequency encoded recommendations 440-1, which can be received from an RL
section, can be decoded by a decoder 452 to generate unencoded recommendations 440-3 that
can be presented for a subject.

[0141] FIG. 4C shows a subject biophysical reaction model 418 according to an
embodiment. The subject biophysical reaction model 418 can include a predictor 454, adherence
model 456, decoder 458, switch function 460, body model 462, parameter estimator 464, and an
AE and GAN 466. Using encoded subject historical data 442, the predictor 454 can generate a
predicted subject reaction 468 (in encoded form). The predictor 454 can also provide latent data
470 regarding a subject’s actions to body model 462 and adherence model 456.

[0142] In response to a high frequency recommendation 440-0, adherence model 456 can
provide an adherence output 472, that indicates to what extent a subject’s actions follow the
recommendation 440-0 (e.g. if the subject eats a recommended food or participates in a
recommended physical activity). Adherence output 472 can be in encoded form.

[0143] A switch function 460 can selectively apply a predicted subject reaction 468 or
adherence output 472, when a recommendation is simulated, as an input to a body model 462. In
the embodiment shown, a body model 462 can operate in response to unencoded data and so a
decoder 458 can translate inputs from switch function 460 from a latent space into unencoded

reaction data 474.
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[0144] Unencoded reaction data 474 (which can be derived from a predicted subject reaction
or adherence model evaluation) can be applied to a body model 462 to generate a simulated
subject biophysical reaction 476. The body model can be a personalized learned model for a
specific subject. During inference, inputs (e.g., food consumption and heart rate) of the user and
latent states of the user can be used predict the physical observables of the user (e.g., glucose
values). The simulated subject biophysical reaction 476 can be applied to an AE and GAN 466 to
produce a more enhanced predicted subject biophysical reaction 444. The AE and GAN 466 can
receive the output of the body model 462 which can be a simulated glucose curve and modify the
simulated glucose curve to ensure it resembles real glucose values. In other words, the AE and
GAN 466 can add deep learning on top of simulated observables to assure that the simulated and
real glucose values will not be distinguishable.

[0145] Referring still to FIG. 4C, while predicted subject biophysical reactions 476 are
generated as described above, a body model 462 can be updated in response to a subject actual
biophysical response represented by encoded subject biophysical response 434. In the
embodiment shown, in response to a subject’s biophysical response 434, a model parameter
estimator 464 can update parameters within body model 462 to seek convergence between
simulated subject biophysical reactions 476 and actual subject biophysical response (e.g., 434).
For example, the parameters of the body model may be updated via a supervised learning
process, during which the encoded subject biophysical responses 434 are used as training data
labels.

[0146] FIG. 4D shows a predictor 454 that can be included in embodiments, including that
of FIG. 4C. Predictor 454 can include an encoder 448 and decoder 458. In some embodiments,
encoder 448 can be an autoencoder. In particular embodiments, encoder 448 can be a custom
variational encoder as described herein, or an equivalent. Encoder 448 can be trained to predict
subject reactions from subject historical data by mapping historical data into latent space 478. In
response to subject historical data 442, encoder 448 can infer predicted subject reactions. Such
reactions can be decoded by decoder 458 to generate a predicted subject reaction 468. In some
embodiments, encoder 448 can be trained to map inputs that satisfy the preconditions of (1)
minimizing reconstruction losses when decoded by decoder 458 and (2) preserving
predetermined minimum distance metrics in the latent space 478.

[0147] FIG. 4E shows an AE and GAN 466 that can be included in embodiments, including
that of FIG. 4C. AE and GAN 466 can include an encoder 448, a generator 482, and
discriminator 484. Encoder 448 can map simulated subject biophysical reactions 476 into a

latent space 480. Outputs from encoder 448 can be applied to generator 482. Generator 482, in
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combination with discriminator 484, can form a GAN. Generator 482 can output predicted
subject biophysical reactions 444. Discriminator 484 can be trained with actual biophysical
reactions and provide feedback to generator 482 so that that predicted biophysical reactions 444
may more closely follow those of actual subjects.

[0148] Embodiments can also include systems and methods for predicting data series from
past heterogenous data sources. FIG. 5 is a block diagram of a data prediction system and
method 500 according to an embodiment. The data prediction system 500 can include various
different data sources 508-0 to 508-n (e.g., food, heart rate, sleep, calendar, etc.), AE temporal
convolutional neural networks (CNNs) 548-0 to 548-n, corresponding past data sources 508-0 to
508-n’, temporal CNN encoders 588-0 to 588-n, and a concatenate/forecast section 590. Any
CNN can be replaced by an RNN type network, such as an LSTM as but one example.

[0149] Each of the AE temporal CNNs (548-0 to 548-n) can receive and be trained with data
from a different data source (508-0 to 508-n). In response to such training, AE temporal CNNs
(548-0 to 548-n) can provide seed values, which are a set of priors and initial states, (586-0 to
586-n) to the temporal CNN encoding (588-0 to 588-n). Seed values (586-0 to 586-n) can
configure their corresponding temporal CNN encoding (588-0 to 588-n) which can have a same
encoding architecture as AE temporal CNNs (548-0 to 548-n). Temporal CNN encoding (588-0
to 588-n) can then receive past data source values (508-0" to 508-n"), which are of the same type
used to generate the seed values (586-0 to 596-n). Such past data source values (508-0" to 508-
n’) can then be encoded to generate encoded values 592-0 to 592-n.

[0150] Encoded values 592-0 to 592-n, can be applied to an ANN within
concatenate/forecast section 590, which can generate predicted values as data forecast 594.
Forecast 594 can represent predictions for any or all of values represented by data sources 508-0
to -n.

[0151] FIG. 6 shows a block diagram of a system 600 for predicting one type of biophysical
response from multiple, different biophysical responses. System 600 can be one particular
implementation of that shown in FIG. §. In the particular embodiment shown, system 600 can
predict a future glucose level from heterogenous data sources of a CGM, HRM and food logging.
[0152] The system 600 can receive data from a CGM source 608-0, an HR source 608-1 and
a food logging source 608-2. Data from the CGM source 608-0 can be received by an AE
temporal CNN 648-0, which can generate seed values 686-0, which are a set of priors and initial
states. Data from the HR source 608-1 can be received by an AE temporal CNN 648-1, which
can generate seed values 686-1. Data from the food logging source 608-2 can be received by an

AE temporal CNN 648-2, which can generate seed values 686-2.
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[0153] A temporal CNN encoding 688-0 can be seeded with seed values 686-0 and encode

past data from a CGM source 608-0" to generate encoded CGM values 692-0. Similarly,
temporal CNN encoding 688-1 can be seeded with seed values 686-1 and encode past data from
a HR source 608-1" to generate encoded HR values 692-1, and temporal CNN encoding 688-2
can be seeded with seed values 686-2 and encode past data from food logging 608-2’ to generate
encoded food logging values 692-2.

[0154] Encoded CGM values 692-0, encoded HR values 692-1 and encoded food logging
values 692-2 can be applied to concatenate/forecast section 690, which can be configured to
generate predicted CGM data (CGM forecast 694). Concatenate/forecast section 690 can be any
suitable architecture configured and/or trained to forecast CGM values from the encoded CGM,
HR and food logging values (692-0 to -2). For example, the concatenate/forecast section 690 can
have a machine learning layer and an output layer (e.g., a softmax layer).

[0155] While embodiments can include systems and methods for generating
recommendations or forecasting responses based on sensor data, other embodiments can include
systems and methods that can classify human behavior into discrete actions. Such discrete
actions can be used to arrive at recommendations or other operations to effect subject behavior.
[0156] FIG. 7 is a block diagram of a system 700 for classifying behavior of a subject (e.g.,
eating, physical, activity, sleeping, etc.) according to an embodiment. The system 700 can
include an encoder 748, an orthogonal signal selection 796, a decoder 782, a mapping section
795, an optionally, a personalization filter 793.

[0157] The encoder 748 can receive time series data from different data sources shown as
708-0 to 708-n. The data sources (708-0 to -n) can each provide data from one or more subjects.
According to some embodiments, the data sources (708-0 to -n) can include sensors that can
provide data for physiological responses of a subject or subjects. Data sources (708-0 to -n) can
include but are not limited to a glucose monitors (e.g., CGM), HR monitors, food consumption
data (e.g., food logging), sleep state, accelerometer readings, calendar data, IR geographic data
(e.g., GPS). While time series data can be encoded in any suitable timeframe for the desired
encoding result, in some embodiments, time series data can be encoded in increments of no more
than about an hour, no more than about 30 minutes, or no more than about 15 minutes. In some
cases, the increments can be longer than an hour.

[0158] The encoder 748 can be trained to maintain a predetermined metric distance in a
resulting latent space 780. This can include implementing distance metrics 799 that can seek to
cluster values in latent space, while maintaining separation between clusters. In some

embodiments, the encoder 748 can be a temporal CNN variational AE. Time series data from
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sensors (708-0 to -n) can take any suitable form, but in some embodiments can include
consecutive 15-minute sections of sensor data.

[0159] Orthogonal vector selection 796 can select a set of orthogonal vectors suitable to the
particular type of encoder 748. Vectors can be selected based on a resulting latent space 780.
[0160] Decoder 782 can include a decoding ANN or other network corresponding to the
encoder 748. Decoder 782 can receive inputs from orthogonal signal selection 796 and generate
an output that represents a set of statistically common behaviors. Optionally, such behaviors can
be filtered by a personalization filter 797. For example, common behaviors can be selected or
eliminated based on relevance to the subject(s).

[0161] Mapping section 795 can map the sensor space results to approximate actions of
subject(s). Such actions can present “canonical” discrete actions 793 for use in
recommendations, control suggestions, etc.

[0162] While embodiments can include systems and methods for predicting a subject
response with subject models, embodiments can also include methods and systems for
monitoring and diagnosing such models. A system can be in communication with various models
that infer subject responses. The results of such models can be compared with actual subject
responses that serve as reference values.

[0163] FIG. 8 shows an evaluation system 800 according to an embodiment. The system 800
can implement a self-consistent model to evaluate and train a complex model that consists of
various machine-learning blocks. The accuracy of a complex model is affected by each one of
the machine-learning blocks in it. To evaluate each one of these blocks, the system 800 can
compare the outputs and introduce the main source of error and then the adjust the models can
update the lossy ones. The system 800 can include a sensor 818 (which can serve as data source),
other data sources 808-1 and 808-2, data source models (891-0/1/2), a parameter estimator 889,
subject models 887-0/1, a compare section 885, and an evaluation section 883. Data sources can
include at least one primary, or direct data source (sensor 818) and one or more secondary data
sources (in the example shown, 808-1 and 808-2). The primary data source 818 can provide data
for a value that is inferred from secondary data sources 808-1/808-2 and can serve as a reference
value. Data sources (818, 808-1, 808-2) can provide both current data as well as past data. In
the embodiment shown, the primary data source 818 can be a sensor. In some embodiments, the
primary data source 818 can be a sensor that makes a biophysical measurement of a subject.
[0164] Data source models (891-0/1/2) can include any suitable predictive statistical learning

agent that can predict future data values based on past data values. Thus, data source models
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891-0, 891-1, 891-2 generate inferred data values from past data values of their corresponding
data sources 818, 808-1, 808-2, respectively.

[0165] Parameter estimator 889 can receive past data values from secondary data sources
808-1, 808-2, and be in communication with subject models 887-0 and 887-1. Based on
received data values, parameter estimator 889 can update parameters of the subject models 887-0
and 887-1. That is, the parameter estimator 889 can be used to train the subject models 887-0,
887-1.

[0166] The subject model 887-0 can infer a predicted value of a biophysical response based
on predicted data values from data source models 891-1/2 (i.e., predicted secondary data values).
The subject model 887-1 can infer a predicted value (e.g., a biophysical response such as a
glucose response) based on actual data values from data sources 808-1, 808-2 (i.e., actual
secondary data values). It is understood that the values predicted by subject models 887-0/1 can
be for the same features measured by primary data source 818.

[0167] The compare section 885 can make comparisons with a reference value provided by
primary data source 818. In the embodiment shown, compare section 885 can include a number
of compare operations 885-0 to -2. Compare operation 885-0 can compare reference values
(from sensor 818) with predicted values from data source mode 881-0. Compare operation 885-1
can compare the reference values with predicted value from first subject model 887-0. Compare
operation 885-1 can compare reference values with a predicted value from second subject model
887-1.

[0168] Evaluation section 883 can receive the various comparisons from compare section
885, and in response, update any of the models and/or parameter estimator 889 accordingly, with
model adjustments 881.

[0169] FIG. 9 shows an evaluation system 900 according to another embodiment. The
system 900 can be one particular implementation of that shown in FIG. 8. System 900 includes
data sources 908-0 to 908-2’, data source LSTMs 991-0/1/2, parameter estimator 989, subject
body models 987-0/1, GANs 979-0/1, signal compare section 985, block evaluator 983, and
feedback generator 977.

[0170] Data sources (908-0 to 908-27) can include data for signals of three different types,
type X, type Y and type Z. The type X signal can be a response to be simulated by a system.
Type Y and type Z signals can be used to infer predicted type X signals. In the embodiment
shown, data sources (908-0 to 908-2") can provide signals for different time periods (TO, T1) and
(0, T0O), with time period (TO, T1) following and, in some embodiments, overlapping with time

period (0, TO). Data source 908-0" can be a first type sensor that provides a type X signal for a
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time period TO, T1. Data source 908-0 can be sensor data for a type X signal for a time period 0,
TO. Data source 908-1 can be a second type sensor that provides a type Y signal for time period
TO, T1. Data source 908-1 can be sensor data for a type Y signal for time period 0, TO. Data
source 908-2" can be data logged by a subject that provides a type Z signal for a time period TO,
T1. Data source 908-2 can logged data for a type Z signal for a time period 0, TO.

[0171] In some embodiments, data sources 908-0/0’ can provide data generated by a CGM
of a subject, data sources 908-1/1" can be data generated by an HRM of the subject, and data
sources 908-2/2’ can logged food data from the subject.

[0172] LSTMs 991-0/1/2 can generate predicted type X, type Y and type Z signals,
respectively, for time period TO, T1, from actual signal data from a previous time period 0, TO.
[0173] Subject body models 987-0/1 can be ANN or other ML models of a subject
biophysical response that generates a predicted type X signal from type Y and type Z signals.
The first subject body model 987-0 can generate a predicted type X signal for a time period (TO,
T1) from predicted type Y signals 975-0 and predicted type Z signals 975-1 provided from
LSTMs 991-1 and -2, respectively. The second subject body model 987-1, which can be a copy
of the first subject body model 987-0, can generate a predicted type X signal for time (TO, T1)
from type Y and type Z signals for time period (TO, T1). Parameter estimator 989 can update
parameters of subject body models 987-0/1 based on Type X, Y and Z signals for time period (0,
TO). In other words, subject body model 987-0 can predict the type X signal based on predicted
type Y and type Z signals, while subject model 987-1 can predict the type X signal based on
actual type Y and type Z signals.

[0174] GANs 979-0/1 can take predicted type X signals provided by subject body models
987-0/1 and adjust them to take a more realistic form. For example, GANs (979-0/1) can have
been trained with actual type X signals.

[0175] A signal compare portion 985 can compare a reference type X signal 973 from data
source 908-0’, to various outputs provided from system 900 to determine an accuracy of such
blocks. As but a few examples, compare portion 985 can compare reference signal 973 to the
predicted type X signal 971-0 from LSTM 991-0 to determine the accuracy of LSTM 991-0.
Reference signal 973 can be compared to the predicted type X signal 971-1 from subject body
model 987-0 to determine the accuracy of the subject body model 987-0 when operating with
parameter estimator 989 and LSTMs 991-1/2 but without GAN 979-0. Reference signal 973 can
be compared to the predicted type X signal 971-2 from GAN 979-0 to determine the accuracy of
the subject body model 987-0 with GAN 979-0. Reference signal 973 can be compared to the
predicted type X signal 971-3 from subject body model 987-1 to determine the accuracy of the
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subject body model 987-1 without LSTMs 991-1/2 or a GAN 979-1. Reference signal 973 can

be compared to the predicted type X signal 971-4 from GAN 979-1 to determine the accuracy of
the subject body model 987-1 with GAN 979-1, but without parameter LSTMs 991-1/2.

[0176] A signal compare portion 985 can perform various other compare operations among
the operational blocks of the system. For example, a signal compare portion could compare a
type Y signal for time (TO, T1) from data source 908-1" with a predicted type Y signal output
from LSTM 991-2 and/or a type Z signal for time (TO, T1) from data source 908-2 with a
predicted type Z signal output from LSTM 991-1.

[0177] A block evaluator 983 can determine if any system blocks (e.g., LSTMs 991-0/1/2,
parameter estimator 989, subject body models 987-0/1, or GANs 979-0/1) is operating below a
desired accuracy level from comparison results provide by signal compare portion 985. If a block
is performing below a desired accuracy level, feedback generator 977 can generate feedback
signals 981 for the block. As but one example, an error measure for a block can be back
propagated through the blocks model with an aim of minimizing the error.

[0178] It is understood that a “signal” as described herein, can be a machine learning signal,
representing a time series expression of a measured value, in a suitable format (e.g., vector,
matrix, tensor, etc.).

[0179] Embodiments can also include systems and method for predicting biophysical
responses (i.e., a predicted observable) by observing biophysical responses for a limited time to
create a predictive physiological model. FIG. 10 is a block diagram of a system and method
1000 according to such an embodiment.

[0180] The system/method 1000 can be conceptualized as including a training portion 1069
and a prediction portion 1067. A training portion 1069 can include a biophysical model 1065
and parameter estimator 1089 and can receive data for training from a subject 1030. In FIG. 10,
data for training can include a first data source 1008-0, a second data source 1008-1, and
optionally, a third data source 1008-2. The first data source 1008-0 can be a first type sensor and
a second data source 1008-1 can be a second type sensor. According to some embodiments, it is
desirable to use a first type sensor 1008-0 in a more limited fashion than a second type sensor
1008-1. As but a few of many possible examples, the first type sensor 1008-0 can be more
expensive, more difficult to employ, or more difficult to access than a second type sensor 1008-
1. For example, the first type sensor 1008-0 can be a CRM. In some embodiments, a first type
sensor 1008-0 can provide more accurate data for a desired predicted observable than a second

type sensor 1008-1.
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[0181] Biophysical model 1065 can include an ANN, or any other suitable statistical learning

agent, with initially unknown parameters. Biophysical model 1065 can receive, as training data
over a period of time, data source 1008-1 (second sensor) and optionally, third data source 1008-
2. In response to such data, biophysical model 1065 can generate a simulated future observable
1057. Parameter estimator 1089 can receive the simulated future observable 1057 as well as data
from the first data source 1008-0 (first type sensor), which can reflect a subject’s current state.
Based on such inputs, parameter estimator 1089 can generate error values which can be used to
back propagate 1055 through biophysical model 1065. Through such training, parameter
estimator 1089 and biophysical model 1065 can arrive at time varying parameters 1063 for
generating a simulated future observable 1057 that is personalized to the subject 1030.

[0182] A prediction portion 1067 can include a physiological model 1018 for a subject that
uses the personalized time-varying parameters 1063 developed by the training portion 1069. In
some embodiments, physiological model 1018 can include an ANN, or any other suitable
statistical learning agent, having the same general structure as biophysical model 1065.
Physiological model 1018 can receive data from second data source 1008-1 and optionally a
third data source 1008-2. In response to such data, physiological model 1018 can infer a
predicated observable 1061. Thus, a predicted observable 1061 can be generated without the use
of a first data source 1008-0 (e.g., the more costly/difficult to use first type sensor).

[0183] FIG. 11 is a block diagram of a system for predicting, in real-time, a glucose level of
subject using personalized model, using only indirect data sources. “Indirect” data sources are
data sources that do not measure a glucose level directly. System 1100 can be one
implementation of that shown in FIG. 10.

[0184] The 1100 can include a glucose-insulin regulatory model 1165 and parameter
estimator 1189. Model 1165 can initially include unknown parameters (e.g., default parameters
not particular to a subject or randomized parameters). Model 1165 can receive training data
from an HRM 1108-1 and food data logged by subject 1108-2 to generate a simulated glucose
level 1157. Parameter estimator 1189 can utilize current CGM data 1159 from a CGM sensor
1108-0 of a subject 1130 and the simulated glucose level 1157 to back propagate 1155 through
model 1165 to adjust time-varying parameters of the model 1165. Once model 1165 generates
sufficiently accurate simulated glucose level 1157, time-varying parameters 1163 (which can be
considered personalized to the subject 1130 as the model 1165 is trained with subject data) can
be provided to real-time prediction portion 1167.

[0185] Real-time prediction portion 1167 can include physiological model 1118 which can

receive personalized time-varying parameters 1163 developed by training portion 1169. Using
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indirect data sources of HRM 1108-1 and food logging 1108-2 (i.e., without the use of a direct

measurement of glucose levels from CGM sensor 1108-0), physiological model 1118 can
generate a predicted glucose level 1161. In this way, glucose levels can be predicted for a subject
with less expensive, more accessible sensors.

[0186] While embodiments can include various systems and methods that utilize ML
architectures for predicting and classifying subject behavior, embodiments can also include
methods for providing data to such ML architectures.

[0187] FIG. 12A is a flow diagram of a method 1201 for processing data objects according
to an embodiment. The method 1201 can be performed by a system of one or more
appropriately-programmed computers in one or more locations. The system can create one or
more data processing objects in memory (1201-0). Such an action can include transferring data
stored on a nonvolatile storage unit, or accumulating data received from a user in a system
memory of a ML computing system. The system can decorate the data processing object to
generate a message after it has been processed by an ML process (1201-2). Such an action can
include transforming the data processing object into a more complex object that includes a
messaging function.

[0188] The system can determine if a ML process is available (1201-4). If a process is
available (Y from 1201-4), the system can process the decorated data processing object (1201-6).
Such an action can include applying data to an ANN, or any other suitable statistical learning
agent, for a training, inference, or other operation. The system can then determine if a post-
processing message for the data processing object has been received (1201-8). Once a post-
processing message has been received (Y from 1201-8), the system can determine if a last data
processing object has been processed (1201-10). If there are more data processing objects to be
processed (N from 1201-10), the system can proceed to the next data processing object (1201-
12) and can return to 1201-2.

[0189] FIG. 12B is one example of code 1253 for decorating a data object according to one
embodiment. Such code can be executable by one or more processors of a computing system.
Code 1253 can include a function 1251, shown at (1) (“run_service”), which can decorate a data
processing object to generate a message once it has been processed. At (2), the function can
create an object in memory for receiving data to be processed. At (3), the data object in memory
can receive data to be processed. At (4), a process target can be decorated to generate a desired
message. At (5), one process of multiple forked processes can be instantiated to operate on the

decorated object. At (6), the process can be started.
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[0190] FIG. 12B also shows a function 1249-0 “service_encode” for encapsulating an egress
message generated by a decorated data processing object, as well as the decorating function
“post_process_decorator” 1249-1, which calls the message encoding function 1251-0.

[0191] FIG. 12C and 12D are block diagrams of a system 1200 showing a data processing
operation according to an embodiment. Referring to FIG. 12C, system 1200 can include a
system memory 1247, a machine learning service 1241, and pre- and post-processing functions
1233. Data processing objects can be created in system memory 1247. Data processing objects
shown as 1245’ have been processed to generate results 1235. Data processing objects shown as
1245 have yet to be processed.

[0192] Before data within a data processing object is processed, by operation of a decorating
function, a data processing object 1245 can be transformed into an object 1243 that includes a
messaging function. The object 1243 can be processed by an available process 1239 of ML
service 1241. In some embodiments, processes of ML services 1241 can be asynchronous
processes. Busy processes are shown as 1239°. A busy process that is ending (i.e., is the next
process to be free) is shown as 1239°”. Once processing of data processing object is complete,
results (e.g., 1235) can be returned to system memory 1247. In addition, by operation of the
decoration, an egress message can be generated 1237.

[0193] Referring to FIG. 12D, the generation of egress message 1237 can be used as an
indication that a process is available 1239. A next data processing object can be decorated 1243
and provided to the available process 1239.

[0194] While embodiments above describe various methods, both explicitly and implicitly,
additional methods will be now be described with reference to a flow diagram.

[0195] FIG. 13 is a flow diagram of a method 1301 according to an embodiment. The
method 1301 can be performed by a system of one or more appropriately-programmed
computers in one or more locations, e.g., one of the systems described previously in this
disclosure. In an operation, the system can create a biophysical model for a subject with machine
learning by training with primary sensor data and secondary data sources (1301-0). This
operation can include creating models according to any of the embodiments herein, or
equivalents. In some embodiments, a primary sensor data source can provide data for a subject
response that is the same as that to be predicted. A secondary data source can provide data that
is not the same as that to be predicted. In some embodiments, primary sensor data can be more
difficult to acquire than data from secondary data sources. Further, primary sensor data sources
and secondary data sources can be from a particular subject. Thus, the biophysical model can be

a model personalized to a particular subject.
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[0196] The system can receive current data from a secondary data source(s) (1301-2). Such
an action can include receiving sensor data from a subject. A subject response can then be
predicted with the biophysical model with at least the current secondary sensor data (1301-4).
The system can determine if a predicted subject response is outside of one or more
predetermined limits (1301-6). Such an action can include comparing a predicted response to
limits or goals established by a subject. Such goals can be personal goals, or goals dictated by
health needs. If a predicted response is not outside of limits (N from 1301-6), the system can
generate one type of predetermined output (1301-10). In the particular embodiment shown, this
can include a message for the subject indicating the subject is “on-track”. If a predicted response
is outside of limits (Y from 1301-6), the system can generate another type of predetermined
output (1301-8). In the particular embodiment shown, this can include a message for the subject
indicating a possible action to be taken. It is understood that outputs from actions 1301-08
and/or 1301-10 can be to third-parties or intermediate parties (e.g., medical professionals), as
well as the subject.

[0197] In some embodiments, the system can predict the glucose level of a subject. A
primary sensor can be a sensor that directly measures glucose levels (e.g., CGM). Secondary
sensors can be sensors that track subject activity (e.g., HRM and/or food logging) but not the
response to be predicted directly.

[0198] FIG. 14 is a flow diagram of a method of health management 1401 according to an
embodiment. The method 1401 can be performed by a system of one or more appropriately-
programmed computers in one or more locations, e.g., one of the systems described previously in
this disclosure. In an operation, the system can create one or more ML biophysical models for a
subject with direct data and indirect data (1401-0). In some embodiments, a direct data source
can provide data for a biophysical response that is the same as one predicted in the method 1401.
An indirect data source can provide data that is not the same as that to be predicted. In some
embodiments, all or a portion of data from a direct data source and/or an indirect data source can
be from a particular subject to form a personalized biophysical model.

[0199] The system can set limits to a biophysical response based on the subject’s health
(1401-2). Such limits can be static limits or dynamic limits and can include rates of change. The
system can receive current indirect data for a subject (1401-4). The system can infer one or
more future responses of the subject from the indirect data using the models created in operation
1401-0(1401-6). The system can determine if a predicted response is outside of one or more
response limits (1401-8). If a predicted response is not outside of limits (N from 1401-8), the

system can return to 1401-4.
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[0200] If a predicted response is outside of limits (Y from 1401-8), a deviation between the

predicted response and the limits can be determined (1401-10). Based on such a quantified
deviation, one or more remedial actions can be determined 1401-12. A message can then be sent
to the subject notifying the subject of the expected deviation along with one or more suggested
remedial action (1401-14).

[0201] Optionally, if a predicted response is outside of limits (Y from H70-8), an iteration
rate (e.g., a rate at which indirect data is received or sampled) can be increased (1401-16), and/or
a third party can be notified (1401-18).

[0202] FIG. 15 is a flow diagram of a method of coaching a subject 1501 according to an
embodiment. The method 1501 can be performed by a system of one or more appropriately-
programmed computers in one or more locations, e.g., one of the systems described previously in
this disclosure. The system can create one or more ML biophysical models for a subject with
first sensor data and subject data (1501-0). Such actions can include creating models according
to any of the embodiments herein, or equivalents. In some embodiments, first sensor data can be
data from a sensor that takes biophysical readings directly from a human body. Subject data can
be data provided by the subject.

[0203] The system receives goal-related limits from the subject (1501-2). Such actions can
include receiving health, behavior or other goals from a subject, and determining how such limits
can be sensed with a predicted subject response. Possible rewards for the subject can be received
(1501-4). Such an action can include determining rewards based on a subject’s personal
preferences.

[0204] The system can also receive/infer possible actions for the subject related to subject
goals (1501-6). Such an action can include determining activities a subject prefers, but such
actions can also include using and/or presenting for selection “canonical” actions inferred as
described herein, and equivalents.

[0205] Referring still to FIG. 15, subject data can be received (1501-8). Using such received
data, a subject future response can be inferred the ML model from 1501-10. The system can
determine if a predicted subject response it outside of one or more of the goal related limits
(1501-12). If a predicted response is not outside of limits (N from 1501-12), the system can send
a reward to the subject (1501-20). If a predicted response is outside of limits (Y from 1501-12),
the system can send a message to a subject encouraging actions to meet goals (1501-14). In
addition, a message can be sent suggesting particular actions that can be taken to meet goals
(1501-16). Such particular actions can include actions from 1501-6. In the particular

embodiment shown, the system can offer or indicate a reward for meeting goal(s) (1501-18).
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[0206] Referring now to FIGS. 16A to 16C, a subject device application and method for data

acquisition is shown in a series of diagrams. Referring to FIG. 16A, a user device 1610 can
include an application 1628 stored thereon in memory, such as nonvolatile memory, for
execution by one or more processors of the user device 1610. While the user device 1610 is
shown as a smartphone, the user device can take the form of any of those shown herein, or
equivalents.

[0207] Referring to FIG. 16B, when an application is active, a user device can connect to, or
be connected to, one or more sensor devices 1620-0, 1620-1. Sensor devices (1620-0, 1620-1)
can sense biophysical responses of a subject. In the particular example shown, the sensor
devices can include an HRM and CGM. However, alternate embodiments can include sensors
suitable for a desired modeled response. Data from sensor devices (1620-0, 1620-1) can be
provided, directly or via one or more other devices, to ML services 1602 for learning operations.
Such learning operations can include any of those described herein or equivalents. In some
embodiments, HRM and CGM data can be provided to ML services to create a personalized
glucose level response model which can predict glucose levels.

[0208] Referring to FIG. 16C, an active application can also enable a subject to log data
related to a predicted biophysical response. Such logged data can be provided, directly or via
one or more other devices, to ML services 1602 for learning operations. In some embodiments,
an application can provided various ways to log data values. In some embodiments, an
application can enable food data (e.g., consumed food) to be logged by image capture 1622-0,
voice entry 1622-1, or manually (e.g., enter text) 1622-2. However, such data entry methods
should not be construed as limiting. As noted herein, such ML models can infer nutrition
information from such logged data. That is, such data can also be used for initial inference
operations which can yield nutrition data for learning operations.

[0209] Referring now to FIGS. 17A to 17F, a subject device application for generating
recommendations is shown in a series of diagrams. Referring to FIG. 17A, a user device 1710
can include an application 1728 stored thereon in memory, such as nonvolatile memory, for
execution by one or more processors of the user device 1710. While the user device 1710 is
shown as a smartphone, the user device can take the form of any of those shown herein, or
equivalents. Application 1728 can be the same as, or different from, that shown in FIGS. 16A to
16C.

[0210] Referring to FIG. 17B, when an application is active, the user device can connect to,
or be connected to, one or more sensor devices 1720-1. The sensor device 1720-1 can sense one

or more biophysical responses of a subject. In some embodiments, the sensor device 1720-1 can
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be an indirect data source, sensing a biophysical response different from a biophysical response
utilized to predict subject actions and make recommendations. In the particular example shown,
sensor device 1720-1 can be an HRM that can provide data for predicting glucose levels of a
subject. Data from sensor device(s) 1720-1 can be provided, directly or via one or more other
devices, to ML services 1702 for inference operations. Such inference operations can include
any of those described herein or equivalents. In some embodiments, HRM and other data can be
provided to ML services to predict glucose levels of a subject.

[0211] Referring to FIG. 17C, an active application can also enable the subject to log data
related to a predicted biophysical response. Data logging can occur in the same fashion as noted
for FIG. 16C (e.g., image 1722-0, voice 1722-1, manual entry 1722-2). However, logged data
can be provided to ML services 1702 for inference operations. In particular embodiments,
logged food data and HRM data can be used to forecast a subject glucose level.

[0212] Referring to FIGS. 17D and 17E, in response to data from sensor 1720-1 and/or
logged data, an application 1728 can receive recommendations from ML services 1702.
Recommendations can be derived from an inference operation and/or from preferences or
selections provided by a subject. In the embodiment shown, FIG. 17D shows an activity
recommendation 1731-0. FIG. 17E shows a nutrition recommendation 1731-1.

[0213] Referring to FIG. 17F, in the event a subject’s predicted biophysical response(s) is
within a desired limit, an application can offer a reward 1729. In some embodiments, a reward
can be provided by an application server 1704.

[0214] FIG. 18A is a block diagram of a personalized response model creation system 1840
according to an embodiment. The system 1840 can include an unpersonalized model section
1840-0, a personalized data section 1840-1, and a resulting personalized model 1854. The
unpersonalized model section 1840-0 can include unpersonalized biometric data 1846, a starting
biometric model 1848, a derived function 1850, and an unpersonalized biometric model 1852.
The unpersonalized biometric data 1846 can be data for a biophysical response over time for a
general population, such as the rate at which one or more substances enter or are removed from
the body or bloodstream. The starting biometric model 1848 can be a model for predicting a
biophysical response, and in some embodiments can be in the form of a differential equation.
The starting biometric model 1848 can include a number of functions, at least one of which may
be derived from unpersonalized biometric data 1846. In some embodiments, deriving the model
can involve using a machine learning operation (e.g., regression) to fits the unpersonalized data

to a function. A biometric model with the derived function can be created. Because such a
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model includes one or more functions based on unpersonalized biometric data, it can include
unpersonalized parameters.

[0215] Personalized data section 1840-1 can include subject biometric sensor data 1842,
Personalized biometric parameters can be extracted from the personalized data 1840-1. The
biometric sensor data 1842 can be sensor data for a subject for which a personalized response
will be predicted. The extracted personalized parameters 1844 can represent the same
parameters as the unpersonalized parameters of the model 1852. Extraction of personalized
parameters 1844 can be accomplished with machine learning that seeks to fit biometric sensor
data 1842 to an expected response. However, in other embodiments personalized parameters
1844 can be determined by other means, such as a clinical test, as but one example.

[0216] The unpersonalized biometric parameters of 1852 can be substituted with the
extracted personalized parameters of 1844 to create a biometric model with the derived function
and personalized parameter 1854.

[0217] FIG. 18A also shows a biometric response prediction system 1860. System 1860 can
utilize the model from 1854 to provide a personalized biometric response for the subject of 1840-
1. Personal data for the derived function 1856 can be provided to the model 1854, and the model
can generate a personalized biometric response 1858. In some embodiments, system 1860 can
execute an inference operation with the personal data 1856 as input data.

[0218] While systems as described herein can be utilized to provide any suitable
personalized predicted biometric response, in some embodiments a model can predict a glucose
over time (glycemic) response. Such an embodiment is shown in FIG. 18B.

[0219] FIG. 18B shows a block diagram of a glycemic response model creation system
1840’ according to an embodiment. The system 1840’ can include an unpersonalized model
section 1840-0°, a personalized data section 1840-1’, and a personalized glycemic prediction
model 1854°. The unpersonalized model section 1840-0’ can include unpersonalized response
data 1846°, a glucose regulation model 1848, a derived food function 1850’, and an
unpersonalized glycemic prediction model 1852°. The unpersonalized biometric data 1846’ can
be unpersonalized glycemic responses to food data 1846-0" and/or other glycemic response data
1846-1", from the general population. Other glycemic response data 1846-1" can be data
statistically calculated from glycemic index data for food, as but one of many possible examples.
[0220] The glucose regulation model 1848’ can be in the form of a differential equation that
gives a glucose rate over time. As but one of many possible examples, the glucose regulation
model 1848’ can include a glucose production portion and glucose update portion. The food

source function 1850’ can be derived from the unpersonalized response data 1846°. In some
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embodiments, the food source function 1850’ can be a function that expresses the generation of
glucose in response to consumed food. In some embodiments, such a function can be derived
using a machine learning operation (e.g., a regression model) that fits the unpersonalized data to
a function.
[0221] One or more glucose regulation models 1852’ can be created using the derived
function. Such a model can include the food source function 1850’ as well as unpersonalized
glycemic response parameters. In some embodiments, such parameters can be demographic
equivalent parameters by deriving (e.g., training) the model with demographic equivalent data
sets. However, in other embodiments, demographic equivalent parameters can be “hidden” or
embedded groupings that arise from unsupervised or supervised training. In a particular
embodiment, such parameters can include one or more insulin resistance parameters.
[0222] The personalized data section 1840-1" can include personalized glucose response data
1842’ and the extraction of personalized glycemic response parameters 1844’. Personalized
glucose response data 1842’ can include personal food stimulus data 1842-0" and a
corresponding personal glucose data 1842-1°. In some embodiments, the personal food stimulus
data 1842-0 can be data describing food eaten by a subject (e.g., food logging), while the
personal glucose data 1842-1" can be glucose levels read by a sensing system, such as a
continuous glucose monitoring (CGM) device, or some other glucose meter. Such data can
represent a subject’s personal glycemic response over time to the foods that the subject ate. The
extracted personalized glycemic response parameters 1844’ can correspond to the
unpersonalized glycemic response parameters of 1852’. In a particular embodiment, such
parameters can include one or more personal insulin resistance parameters. The parameters can
be derived from the personal food stimulus data 22-0° and the personal glucose data 1842-1".
[0223] The unpersonalized glycemic response parameters of 1852’ can be substituted with
the extracted personalized glycemic response parameters of 1844’ to create a personalized
glucose regulation model 1854°. In some embodiments, the personalized glucose regulation
model 1854 can take the form of:

dG/dt = Frooda(food, t...) + Fproduce(G(1). ..) + Fuptake(G(1). ..)
where dG/dt is the rate of change of glucose levels (e.g., blood glucose levels)in the body over
time, Frood is a food source function that can depend on characteristics of food eaten (food) and
time, Fproduce can represent a body’s glucose production, and Fypuke can represent a body’s
glucose uptake. Any of the functions can include parameters as noted herein. For example, the

insulin resistance parameters can be included in a function Fypake.
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[0224] FIG. 18B shows a resulting glycemic response prediction system 1860°. The system

1860’ can utilize the model 1854’ to provide a personalized glycemic response for the subject
that provided personalized data 1842°t. Food source data 1856’ can be provided to the model
1854’, and the model can generate a personalized glycemic response 1858’. In some
embodiments, the system 1860° can perform an inference operation with the food source data
1856’ as input data in real time.

[0225] In this way, embodiments can generate predicted glucose levels that can be more
personalized than conventional approaches. In some conventional approaches, subject data can
be extrapolated from a linear model, which may not capture the complexity of a glucose
regulation system in the manner of a machine-learned solution, as described herein.

[0226] Further, embodiments herein present methods and systems that are easily and readily
adaptable to individuals. Once a glucose regulation model has been constructed from
unpersonalized data, personalized parameters for a subject can be incorporated into the glucose
regulation model for predicting glucose levels of the that subject. This is contrast to
conventional approaches that may use training data generated by the subject (e.g., food diary,
blood glucose levels, activity) to create a model for that same subject. Then the same data is
required an inference operation on the model. This is in sharp contrast to deriving personalized
parameters and incorporating them into an existing model (constructed with unpersonalized
data).

[0227] As noted herein, in some embodiments, personalized parameters for a subject can be
demographic equivalent parameters. That is, features of a subject can be classified according to
models created with large data sets to derive personalized parameters for the subject without
having to test the subject. As but one of many examples, an insulin resistance parameter could
be derived by classifying an individual according to any of various factors (e.g., age, sex, body
size/type, lifestyle, location, place of family origin, know relatives, preferred diet, and numerous
others) to generate a demographic equivalent insulin parameter, without the individual having to
undergo a blood test, or the like.

[0228] While embodiments can include systems and methods for modeling and predicting
subject biometric responses, embodiments can also include systems and methods for predicting a
target feature of an item, without necessarily having all attributes of the item.

[0229] FIG. 19A is a block diagram of a system and method for predicting a feature of an
item according to an embodiment. FIG. 19A shows a training section 1970 for creating a
prediction model, and an inference section 1972 for predicting target values. The training

section 1970 can include training data 1922, a random selection of attributes 1962, an imputing
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AE 1964, and a bidirectional recurrent neural network (RNN) and/or LSTM 1966 (hereinafter

LSTM). The training data 1922 can include sets of attributes and a corresponding target for
multiple data items. That is, each data item may be composed of multiple attributes which give
rise to a target (feature) for the item. The target can serve as a label for training operations. An
attribute for an item can be randomly selected from the training data. The AE 1964 can be
trained to impute missing attributes from a subset of the attributes 1922, or from a corrupted set
of the attributes 1922. The training process can involve providing the subset of attributes or the
corrupted attributes to an untrained model, mapping such attributes to a hidden representation,
and attempting to reconstruct the complete or uncorrupted attributes from the hidden
representation. The reconstruction can be compared to the actual attributes, and the parameters of
the model can be updated accordingly. This process can be repeated until convergence, i.e., until
reconstruction error satisfies a criterion. In some cases, training attributes can be selected
randomly (1962). The bidirectional LSTM 1966 can be trained on imputed attributes from AE
1964 along with a currently selected attribute to predict the target for the item from which
attributes are selected.

[0230] An inference section 1972 can include a trained AE 1964 and trained bidirectional
LSTM 1966. A subject can input attributes of an item 1968 to imputing AE 1964 and
bidirectional LSTM 1966. As each attribute is input, imputing AE 1964 can impute missing
attributes. In response to each input attribute and the imputed attributes, the bidirectional LSTM
1966 can generate a target feature 1969. In this way, the bidirectional LSTM 1966 can predict a
target from an incomplete set of attributes.

[0231] While systems as described herein can be utilized to predict a target feature for any
suitable items having multiple attributes, in some embodiments a system and method can predict
a glycemic value for a food item. Such an embodiment is shown in FIGS. C2A and C2B.

[0232] FIG. 19B shows a training section 1970’ for creating a glycemic response model.
Training section 1970’ can include training nutrition data 1922°, a random nutrient selection
1962’, a denoising imputing AE 1964’, and a bidirectional LSTM 1966’. Training nutrition data
1922’ can include nutrients and a corresponding glycemic value for various food items. The
glycemic value can be any suitable value related to a glucose response of a person (e.g., blood
glucose), and in some embodiments can include a glycemic index (GI), glycemic load (GL), or
both. The denoising and imputing AE 1964’ can be trained to impute nutrient values for an item
based on randomly selected nutrients. The bidirectional LSTM 1966’ can be trained with
imputed nutrients from denoising imputing AE 1964’ and a currently selected nutrient to predict

a glycemic value.
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[0233] Referring to FIG. 19C, a glycemic value prediction method and system 1972 can

include a denoising imputing AE 1964’ and bidirectional LSTM 1966’ trained as noted above in
FIG. 19B. In an operation, a subject can input nutrients of a food item 1968’ to denoising
imputing AE 1964’ and bidirectional LSTM 1966°. As each nutrient is input, denoising
imputing AE 1964’ can impute additional nutrients. In response to each input nutrient and the
imputed nutrient, bidirectional LSTM 1966’ can generate a predicted glycemic value. In some
embodiments, glycemic values (GI/GL) can be provided to a subject in real time as each nutrient
is entered.

[0234] While embodiments can include systems that can impute attributes to predict a target
feature of an item, embodiments can also include systems and methods for imputing missing
sensor data for a subject using multiple sensors.

[0235] FIG. 20A is a block diagram of a system and method 2076 for imputing missing
sensor data according to an embodiment. The system 2076 can include one or more sensors
2078, ML embedding system 2080, ML imputation system 2082, and normalization system
2084. Sensor(s) 2078 can include one or more sensors that detect a biophysical response of a
person over time. In some cases, the biophysical response data may be missing, corrupt, or
otherwise determined to be not available or valid. ML embedding system 2080 can embed data
from the sensors 2078 using an ANN. In this disclosure, the word “embed” or “embedding” may
refer to a process by which data is mapped to vectors of real numbers. The resulting vector space
may have a lower dimension than the input. As such, embedding may be considered a
dimensionality reduction technique. When there are multiple sensors 2078, different sensor
values can be grouped together (e.g., concatenated) during the embedding operation.

[0236] The ML imputation system 2082 can receive embedded values from the ML
embedding system 2080 and impute values for any missing sensor readings. In some
embodiments, the ML imputation system 2082 can include an AE similar to the AE of FIG. 19.
The output of ML imputation system 2082 can be normalized with normalization system 2084.
The resulting output can be imputed data 2086 which can include values that were not present in
sensor data provided to the system 2076.

[0237] While systems as described herein can be utilized to impute data values for any
suitable type of sensor data, in some embodiments the system and method can impute data for
glucose and/or heart rate monitoring.

[0238] FIG. 20B is a block diagram of a system and method 2076 for imputing missing
sensor data according to an embodiment. The system 2076’ can receive data from multiple

different sensor types 2016, 2018. In one embodiment, sensor 2016 can be a CGM and sensor
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2018 can be an HRM. The ML embedding system 2080’ can concatenate data from sensors

2016/2018 and embed them into single values using a neural network. In some embodiments,
ML imputation system 2082’ can include a stacked denoising AE. The normalization system
2084’ can normalize the output of ML imputation system 2082’ to generate imputed data 2086°.
[0239] FIG. 20C shows sensor data 2018 and 2016 prior to processing by a system 2076’.
As shown, sensor data 2016 has a missing portion 417. FIG. 20D shows sensor data 2016’,
which can include imputed data 419 that has been provided by operation of the system 2076’.
[0240] While embodiments can include systems that can impute missing data values from a
sensor data set, embodiments can also include systems and methods for determining a quality of
a data set. FIG. 21A is a block diagram of a method and system 2188 according to such an
embodiment.

[0241] The system 2188 can include a database system 2190 and an electronic data
processing system 2192. The database system 2188 can include one or more good data sets 2194
(p) and a query data set 2193 (q). The good data set 2194 can be a high-quality data set. The
query data set 2193 can be a data set for evaluation. In some embodiments, data sets 2193/2194
can be labeled data sets.

[0242] Electronic data processing system 2192 can include a classifier section 2196 that
gives a quality score 2198. The classifier section 2196 can include a neural network configured
as a classifier. The classifier can be conditioned on both data values and corresponding labels for
the data values. The distribution for the classifier can be p(X, Y, Z) where X can represent the
input feature distribution, Y can be a categorical target, and Z can vary according to the data set.
In some embodiments, Z can be a binary variance with Z=1 if a sample (x,y) is from a query data
set (q), and Z=0 if a sample is from a validated data set (p). Thus, in the binary case, a classifier
can be built to give h(x) = p(z=1|x, Y=1). This is in contrast to a conventional classifier that can
assume distributions from good and query data sets are the same (i.e., p(X,Y|Z=0) = p(X,Y|Z=1))
and is built for h(x)’ = p(y=1[x). The quality score 2198 can be a quality value determined by
classifier section 2196. For example, in the above binary case, if h(x) = 0.5 for all x in either the
query dataset (q) or good dataset (g), the distributions can be determined to be indistinguishable,
thus the query data set (q) can be considered high quality.

[0243] A software agent 2199 can then accept or reject the query data set (q) based on a
generated quality score. Such an action can further include copying the query data set to a

database for use in training, inference or other operations.
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[0244] While systems as described herein can be utilized to determine a quality of various
types of data sets, in some embodiments a system and method can determine a quality of data
sets that include biophysical sensor data.

[0245] FIG. 21B is a block diagram of a system and method 2188’ for determining a quality
of glucose level data with corresponding food log labels. The system 2188’ can include a
database system 2190’ and an electronic data processing system 2192°. The database system
2190’ can receive data values from sensors 2116 and logged data 2120 and include a good data
set 2194° (p) and a query data set 2193’ (q). In some embodiments, data sets 2194°/2193” can be
CGM data corresponding to food log data.

[0246] Electronic data processing system 2192’ can include a linear classifier 2196’ that
generates a quality score 2198”. Linear classifier 2196’ can include a neural network configured
as a classifier similar to that described in FIG. 21A. Quality score 2198’ can indicate how
distinguishable the data sets were according to linear classifier 2196°. The quality score 2198’
can vary according to types of data sets, and can take the form of those described herein, or
equivalents. An agent 2199’ can determine whether query data set 2198’ is accepted or rejected.
[0247] Embodiments can further include methods and systems that can predict a subject’s
behavior based on sensor signals. FIG. 22A is a block diagram of a method and system 2201
according to such an embodiment.

[0248] The method/system 2201 can include sensors 2216, subject logging data 2220 and a
prediction system 2205. Sensors 2216 can include one or more sensors that record a biophysical
response of a subject 2203. Subject logging data 2220 can record behaviors of a subject 2203.
[0249] The system 2205 can train a classifier 2207 to predict a behavior 2213 from a
biophysical response 2216. The training data can be previous biophysical responses 2216 labeled
with resulting previous behaviors 2220.

[0250] While systems as described herein can be utilized to determine any of various
behaviors in response to sensor data, in some embodiments a system and method can predict
food logging data in response to glucose and heart rate data from a subject.

[0251] FIG. 22B is a block diagram of a system and method 2201’ that can include a
prediction system 2205’ that receives sensor data and food logging data 2220’ from a subject
2203’. The sensor data can be from a glucose meter 2216” and HRM 2218.

[0252] Prediction system 2205 can train a classifier 2207’ to derive signature glucose and
heart rate signals for corresponding food ingestion periods 2209’. Predictor system 2207’ can
receive glucose sensor data and HRM data for a same time period, and in response predict an

ingested food 2213’ related to the time period.
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[0253] Embodiments can further include systems and methods having machine learning
models for determining the composition of items from a text description of the items. FIG. 23A
is a block diagram of a system 2315 according to such an embodiment.

[0254] The system 2315 can include a data input section 2317, a processing section 719, and
a formula database 2321. The data input section 2317 can acquire text-related data regarding an
object. In some embodiments, the data input section 2317 can include voice data 2323, image
data 2325, or text data 2327 from a subject. In some embodiments, such data can be acquired by
a subject device (e.g., smartphone).

[0255] The processing section 2319 can transform non-text data into text data. Such
processing can include voice processing 2329 to derive text data from audio input data or optical
character recognition 2331 to derive text data from image data. While such processing can be
performed by a remote system, all or a portion of such processing can also be performed by a
subject device.

[0256] The processing section 719 can also include a machine learning natural language
processing (NL) parser 2333 and a query engine 2335. NLP parser 2333 can determine a
structure of input text. In some embodiments, the NLP parser 2333 can parse the text to
determine its constituent words and can arrange such words in a particular order or format in
response. The query engine 2335 can provide the arranged words to a formula database 2321 to
determine an object corresponding to the text. In some embodiments, the query engine 2335 can
generate a list 2339 of possible objects (e.g., prioritized list).

[0257] While systems as described herein can be utilized to determine the composition of
items based on text descriptions of the items, in some embodiments the composition of food can
be determined from a text description of the food, such as a menu description. FIG. 23B shows
an example of a method/system 2315 according to such an embodiment.

[0258] The method/system 2315’ can receive a text string description of a food 2327. In
some embodiments, such a text string can be a menu item description. A machine learning NLP
system 2333’ can parse the text string. Such parsing can include determining and prioritizing
nominative words 2343-0 and non-nominative words 2343-1. Such processing can also include
determining title nominatives, ingredient nominatives, and certainties with respect to such words.
Based on such parsing, the NLP system 2333’ can determine the presence and certainty of
nominative words, and if so, prioritize such words, including title nominatives with certainties
2345-0 and explicit ingredients with certainties 2345-1.

[0259] Query engine 2335 can execute a sequence of query operations to a recipe database

2321’ using parsed text data. In the embodiment shown, query operations can be prioritized,
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starting with title nominatives with certainties 2335-0. Query operations can then include
secondary queries based on non-nominative prioritized words 2335-1. Query results can be
filtered using explicit ingredients with certainties. In response to each query, a list 2339’ of
corresponding recipes can be progressively refined’.

[0260] The system can select a recipe 2347 from the list 2339°. In some embodiments, this
can include selecting a recipe having a best match from the list. However, in other embodiments
such an action can include a subject confirming or selecting a recipe from the list. A selected
recipe can be applied to a nutrition inference system 2349 which can generate nutrition
information (e.g., GL, GL) for the selected recipe.

[0261] Embodiments can further include systems and methods for determining the
proportion of constituents in an item, based on features of such items. FIG. 24A is a block
diagram of a method and system 2451 according to such an embodiment.

[0262] The method/system 2451 can receive data for an item composed of multiple
constituents. Such data can include cost and/or reward values for the overall item 2453 and
ranked constituent data 2455. Within an inference section 2457, given data 2453/2455, for each
constituent of the item, the various cost/rewards for the item can be looked up to create a matrix
2457-0. In the embodiment shown, the item can include m constituents, and there can be n
cost/rewards for the item, thus a lookup operation can generate an nxm matrix A. Using the
generated matrix, the method/system 2451 can solve a system of equations 2457-1 for each
cost/reward (e.g., y=Ax), with the constraints imposed by the known rank of ingredients (e.g., x1
>x2 ... >xm). Such an action can include instructions executed by a computing machine that
solve the systems of equations according to any suitable technique. In some embodiments, a
neural network can be used to derive equation coefficients using machine learning. Solving the
system of equations can yield the amount of each constituent in the item 2459.

[0263] While system and methods as described herein can be utilized to determine the
amounts of ranked constituents of any item given suitable cost/reward data, in some
embodiments, the composition of a food item can be determined based on nutrition data for such
a food item and a list of ingredients in the food item, such as that present in a food label. One
such system is shown in FIG. 24B.

[0264] The system/method 2451 can include a data acquisition section 2461 and processing
section 2457°. The data acquisition section 2461 can include an image capture device 2461-0
and image processing section 2461-1. The image capture device 2461-0 can be used to capture

an image of a food item label. The image processing section 2461-1 can derive food item data

-57-



WO 2020/113128 PCT/US2019/063788

from a captured label, including n food item nutrition facts (y1, y2... yn) 2453’ and m food item
ranked ingredients (x1, x2... xm) 2455’.

[0265] Inference section 2457’ can lookup nutrient information for each ingredient to create
an nxm matrix A for all ingredients 2457-0". As in the case of FIG. 24A, a resulting system of
equations for each ingredient (e.g., y=Ax) can be solved, with the rank of ingredients as
constraints (e.g., x1 >x2 ... >xm). The resulting solved equations can give the amount of each
ingredient in the food item (i.e., its recipe). A derived recipe can be provided to a nutrition
inference system 2449 which can generate nutrition information (e.g., GI, GL) for the selected
recipe.

[0266] FIG. 24C shows an example of food item data that can be processed according to
embodiments. A food item 2463 can include a ranked ingredient list 2455°” as well as nutrition
facts 2453”°. However, the amount of each ingredient in the ingredient list 2455’ is not known.
Such data can be captured and processed by a method/system 2451’ to infer the amount of each
ingredient.

[0267] Embodiments can further include systems and methods for creating nutritionally
sensitive word embeddings for processing word strings related to food.

[0268] FIG. 25A is a block diagram a method and system for training operations 2565
according to an embodiment. FIG. 25B is a block diagram of a method and system for an
inference operation 2567 according to an embodiment. Referring to FIG. 25A, the training
method/system 2565 can include food data input 2569, a word embedding system 2571, and
resulting nutritionally sensitive food string embedding 2573. The word embedding system 2571
can include an embedding section 2571-0 and weighing matrix 2571-1. The food data input
2569 can include word strings and nutrition facts for foods

[0269] Within embedding system 2571, embedding section 2571-0 can embed food string
values according to any suitable technique, including word2vec, as but one example. The
weighing matrix 2571-1 can be included in training operations so that the nutrition facts
corresponding to food strings are weighted in the word embedded space. Once trained,
embedding system 2571 can provide nutritionally sensitive food string embedding 2573.

[0270] Referring to FIG. 25B, in an inference operation a query food string 2577 can be
applied to a trained embedding system 2571, to generate a word embedding that is nutritionally
sensitive 983.

[0271] While embodiments above describe various methods, both explicitly and implicitly,

additional methods will be now be described with reference to a flow diagram.
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[0272] FIG. 26 is a flow diagram of a method for completing data sets 2685 according to an

embodiment. The method can be performed by a system of one or more computers in one or
more locations. The system can receive biometric or food data sets (2685-0). Such an action can
include receiving any of the data set types described herein, including but not limited to: CGM
data sets, HRM data sets, and/or food logs. The system can evaluate such data sets (2685-2).
Such an action can include determining if there are gaps in data sets, or data sets otherwise
exhibit low quality. In some embodiments, this can include quality determination methods as
described herein, or equivalents.

[0273] If a data set is determined not to be complete (N from 2685-2), values can be inferred
and/or imputed to form a complete data set 2685-4. Complete data sets (Y from 2685-2 or 2685-
4) can then be used to predict a biometric response 2685-6. In some embodiments, a biometric
response can include blood glucose levels of a subject, including a personalized glucose response
as described herein, or an equivalent.

[0274] FIG. 27 is a flow diagram of a method for deriving nutrition data for food items
2787. The method can be performed by a system of one or more computers in one or more
locations. The system can receive food data (2787-0). Such an action can include a subject
entering or otherwise acquiring data related to a food item according to any of the embodiments
described herein or equivalents. The system can determine if nutrition data for the food item is
in a database (or otherwise already known or available) (2787-2). If nutrition data is not known
(N from 2787-2), the system can generate or infer nutrition value for the food item using the
food data 2787-4. Nutrition data (Y from 2787-2 or 2787-4) can then be used to predict a
biometric response 2787-6. In some embodiments, a biometric response can include blood
glucose levels of a subject, including a personalized glucose response as described herein, or an
equivalent.

[0275] FIG. 28 is a block diagram of a system for creating training data for an inference
system for predicting a target value “Y” from mismatched data, as well as the inference system
itself. The mismatched data can include first data that defines one or more attributes (e.g., text-
based descriptions) of items (e.g., food items) and second data that defines target values to be
predicted (e.g., glycemic values) for such items or similar items. In some embodiments, the
attributes are easier to obtain than the target values.

[0276] The system 2800 can include an input data section 2806, embedding section 2818,
training data 2806-2, and learning agent (e.g., NN) 2820A. Input data section 2806 can include
mismatched data sets, including a first data set 2806-0 that includes items with attributes “X”

and second data set 2806-1 that includes items of the same type with targets “Y”. In this
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disclosure, the term “mismatched” may mean that attributes X for a particular item are known,
but a target Y for the particular item is not known. Alternatively or additionally, the term
“mismatched” may mean that the target Y for a particular item is known, but attributes X for the
particular item are not known. In some cases, both X and Y may be known for a particular or for
items with similar descriptions. Items of data sets 2806-0 and 2806-1 can be different and can
have different identifying values. In some embodiments, data sets 2806-0/1 can include text
values or text values that have been encoded as numerical values.

[0277] Embedding section 2818 can match items from data sets 2806-0 and 2806-1 by
embedding the identifying values. In some embodiments, such action can include utilizing a
neural network to generate embedded values that will correspond to attributes and targets. Data
generated with embedding section 2818 can be stored as training data 2806-2. Training data
2806-2 can be used by a training agent 2832 to conduct supervised training on a neural network
2820A to predict target values Y from attribute values X. A trained neural network 2820B can
then be used to predict targets Y from attributes X, without having to identify an item, but rather
enter attributes of the item.

[0278] In some embodiments, the system 23300 can predict a glycemic value from nutrient
data as shown in more detail in FIG. 29.

[0279] The system 2800 can include an input data section 2906, an embedding section 2918,
training data 2906, and a learning agent 2932. The input data section 2906 can include at least
one data set 2906-0 comprising descriptions of food items with nutrition information and at least
another data set 2906-1 comprising glycemic data for such food items, similar food items, or
different food items. Glycemic data can include a glycemic index (GI) and/or a glycemic load
(GL). The data sets 2906-0 and 2906-1 can include the same or different food items.

[0280] The embedding section 2918 can map the word descriptions of food items with
nutrition information and the word descriptions of food items with glycemic values to vectors of
real numbers in a high-dimensional vector space. The embedding section 2918 can do so by
using an unsupervised learning algorithm (e.g., a clustering or dimensionality reduction
algorithm) or a neural network model, for example. Examples of such unsupervised learning
algorithms are bag-of-words models and n-gram models. Examples of such neural networks are
deep neural networks, autoencoders, or the like.

[0281] The distance between two vectors may represent the similarity of the descriptions of
the food items represented by the two vectors. Such a distance can be used to infer the glycemic
value of a food item for which the glycemic value is not otherwise known, or the nutrition

information of a food item for which the nutrition information is not otherwise known. In some
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cases, both the nutrition information and glycemic value for a particular food item may be
known and need not be inferred. The vectors of real numbers, which may be referred to as
embeddings in this disclosure, can be used as training data 2906-2 by the supervised learning
agent 2932. The labels for such embeddings can be the inferred or known glycemic values. The
learning agent 2932 can train a neural network 2920A to infer GI or GL values from nutrient
data. The resulting trained neural network 2920B can have nutrient facts as inputs and infer
glycemic values.

[0282] FIG. 30 is a block diagram of a model creation system and method 3000 according to
an embodiment. The system/method 3000 can include an initial model creation section 3036 and
a model modifying section 3038, which can create a model 3042 for predicting data values. The
system/method 3000 can create a model based on four different time series data sets: A, B, C and
D. Data sets A & B can be related to training data sets 3034-0, and datasets C & D can be
related training data sets 3034-1. In some embodiments, any or all such data sets can be time
series data generated by one or more biophysical sensors. In some embodiments, data for data
sets A and B alone may not be sufficient to create a satisfactory predictive model. As but one of
many possible examples, either or both of data sets A and B can have gaps where data is
incomplete or otherwise erroneous.

[0283] The initial model creation section 3036 can create an initial model (GO) with data sets
A and B. In particular, using M sets of training data, a model can be trained to predict values B
given values A. In some embodiments, such actions can include supervised training of a neural
network model.

[0284] The model modifying section 3038 can use an initial model to create another model
using different data sets. In the embodiment shown, this can include using the initial model GO
as a baseline and retraining or continuing to train the model GOwith data sets C and D to create a
new model 3038-0. This can include using N-1 data sets of C and D to train the new model (G)
to arrive at or approach values D given values C. In some embodiments, such actions can
include supervised training of a neural network model. The model modifying section 3038 can
further test the new model G data values from different training sets 3038-1. In the embodiment
shown, such an action can include testing the model on N+M datasets of A and C. Such testing
can include iterating through to convergence with sections 3038-0 and 3038-1. Through iteration
and convergence a best model can be arrived at 3042 (e.g., lowest error model).

[0285] Time series input data set A’ 3006 can be applied to best model 3042 to arrive at a
predicted data set B (3044). In some embodiments, input data set A’ 3006 can be sensor data of

a subject and predicted data set B can be a predicted biophysical response for the subject.
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[0286] While systems as described herein can be utilized to create models using different
data set types, in some embodiments a model can predict time series data for a sensor of one
modality type, using training data from sensors of different modality types. Such an embodiment
is shown in FIG. 31.

[0287] FIG. 31 shows a block diagram of a model creation system and method 3100
according to an embodiment. The system/method 3100 can predict time series sensor data of a
modality B from time series sensor data of modality A. Time series sensor data of different
modalities can be sensor data acquired with different sensor types and/or sensor data acquired
using different procedures.

[0288] The method/system 3100 can include an initial ML model section 3136 and an ML
model modifying section 3138. Such sections can use training time series sensor data sets of
different modalities A, B, C and D to create a model to predict sensor data sets of modality B
from sensor data sets of modality A. Initial ML model section 3136 can receive training time
series sensor data of modality B 3134-0 and modality A 3134-1. The model (GO) can be trained
on M sets of data to predict modality B from modality A. In some embodiments, training data
sets A and B are not sufficient to ensure the creation of a model of sufficient accuracy for a
desired result. A resulting model (GO) can be used as a baseline model 3136-1.

[0289] Within the ML model modifying section 3138, an inverse of model GO can be used,
referred to as inverse model “/G”, to estimate time series data analogous to modality A from
different modality data 3138-0. In the embodiment shown, a mixture of time series data of
modalities C and D 3134-2, can be used on the inverse model /G. Using analogous modality A
data generated with the inverse model /G 3138-1, and time series data of modality C 3134-3, the
inverse model /G can be trained to estimate linear fitting parameters 3138-2 to generate
analogous modality A data from modality C data 3134-3. Using the estimated linear fit
parameters, analogous modality A data can be generated that is mapped to modality C data 3138-
5.

[0290] A model G (of which /G is the inverse) can then be trained using time series of mixed
modalities C & D 3134-2 and the analogous modality A data 3138-5. In particular, the model G
can be trained to generate time series of mixed modalities C & D from the analogous modality A
data from 3138-4.

[0291] An error can be calculated for model G on M+N data sets, and based on such error,
the model G can be updated 3138-6. Based on the updated model, a method/system can return to
3138-0, to generate a revised inverse model /G. Such a process can continue to iterate 3146 until

a model of minimum error is generated 3142.
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[0292] Time series sensor data of modality A 3106 can be applied to the minimum error
model G 3142 to generate time series sensor data of modality B 3144,

[0293] In some embodiments, two or more time series sensor data can include a different
types of glucose meters generating glucose levels.

[0294] While embodiments can include systems and methods for modeling and predicting
time series data, embodiments can also include systems and methods for correcting time series
data sets that can be subject to error over time.

[0295] FIG. 32 is a block diagram of a system 3200 for correcting time series data according
to an embodiment. The system 3200 can include a model section 3252 that can create a
correcting model by training with correct (or corrected) time series data 3248-0 and raw time
series data 3248-1, which may have inherent or introduced error.

[0296] The model section 3252 can train a calibration model 3252-1 to generate corrected or
calibrated time-series data 3254 from time-series sensor raw data 3208-0. The model can be
trained on training sets of raw (3248-1) and corrected (3248-0) time series data. The training sets
of raw time series data 3248-1 can be provided as inputs to the untrained or partially trained
calibration model 3252-1, and the training sets of corrected time series data 3248-0 can serve as
labels. The output produced by the untrained or partially trained calibration model 3252-1 can be
compared to the labels, and based on the difference, which may be referred to as an “error” or
“loss,” the parameters of the calibration model 3252-1 can be updated. This process can be
repeated until the error or loss is consistently small. In some cases, the calibration model 3252-1
can be a deep learning neural network.

[0297] Trained calibration model 3252-1 can then be deployed to calibrate time series data to
compensate for error. In particular, time series sensor raw data 3208-0 can be applied to the
model to generate calibrated time-series data 3254. In some embodiments, such an action can
include applying time series sensor raw data 3208-0 as input data in an inference operation on a
neural network-based calibration model.

[0298] While systems and methods as described herein can be utilized to correct any suitable
set of time series data, in some embodiments a system and method can correct for drift in
glucose level data generated by a glucose meter. Such an embodiment is shown in FIGS. 8A to
8C.

[0299] FIG. 33A is a block diagram of a system 3300 for calibrating raw time series glucose
data according to an embodiment. The system 3300 can include a model section 3352 for
creating a model by training with sets of corrected time series glucose data 3348-0 and raw time

series glucose data 3348-1. In some embodiments, raw time series glucose data 3348-1 can be
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generated by a glucose meter that can drift over time. Such drift can arise from a hysteretic effect
in the glucose meter that can introduce a dynamic error into sensor readings. Corrected time
series glucose data can be data that has be validated, and so is known to be accurate.

[0300] The model section 3352 can train a statistical ML model with the training sets of
corrected time series glucose data 3348-0 and raw time series glucose data 3348-1 to infer time-
variant drift cancellation parameters 3352-0. Optionally, the model section 3352 can include
domain-specific engineering 3356. However, other embodiments can include automatic feature
extraction. Parameters derived at 3352-0 can be used to create a drift cancellation model 3352-1.
[0301] Drift cancellation model 3352-1 can then be deployed to calibrate time series glucose
data 3354 from raw time series glucose data 3308-0. In particular embodiments, raw time series
glucose data 3308-0 can be applied as input data in an inference operation to drift-cancellation
model 3352-1.

[0302] FIG. 33B shows raw time series glucose data 3308-0 which can be applied to a
trained drift cancellation model 3352-1. FIG. 33C shows corresponding calibrated time series
glucose data 3354 generated by operation of a trained drift cancellation model 3352-1 on the raw
time series glucose data 3308-0.

[0303] While embodiments can include systems and methods that can calibrate time series
data to account for inherent error, embodiments can also include systems and methods for
organizing data sets to enable the identification/searching of such data sets for concerted events.
[0304] FIG. 34 is a block diagram of a system and method 3400 for organizing data sets
according to an embodiment. The system 3400 can include an operational section 3458 and a
data set source 3460 and can extract events across multiple data sets. Data set source 3460 can
include a data storage system configured to store a number of data sets with ordered indexing. In
some embodiments, data sets can represent events occurring according to the ordered index. In
some embodiments, data sets can be tabular data sets.

[0305] The operational section 3458 can access the data sets to build a data structure with an
interval tree-like structure and metadata 3458-0. In some embodiments, such an action can
include basing the tree-like structure on the ordered indexing to enable rapid access to, and
evaluation of, data values corresponding to the indexed locations. Metadata can provide
information for the particular data set and/or relate the particular data set to other data sets. The
operational section 3458 can also find any missing intervals for the data structures and impute
data for the missing intervals 3458-1 to form fully populated data structures (with respect to the

ordering).
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[0306] With the formation of interval tree-like data structures, the operation section 3458 can
execute operations between multiple data structures 3458-2. In some embodiments, such
operations can include, but are not limited to: selecting between data structures, searching
particular intervals over multiple data structures, combining portions of data structures, or
merging portions of data structures. From a data structure having imputed values (3458-1) or
operation results (3458-2), the data structure can be transformed into a tabular data format 3458-
3. Such a tabular data format 3458-3 can be a representation of events across data sets 3462 in
indexed order.

[0307] While systems as described herein can be utilized to organize any suitable data sets,
in some embodiments, a system and method can organize time series data to enable the
generation of a tabular data set representing concerted events over a selected time interval.
[0308] FIG. 35 is a block diagram of a system and method 3500 for representing data sets in
tabular form according to another embodiment. The system 3500 can access a storage system
that stores tabular data sets with a time and/or date column 3560. In some embodiments, one or
more such data sets can be a biophysical sensor reading of a subject.

[0309] The operational section 3558 can organize data values of data sets 3560 to enable
rapid searching and access to the data values of the data sets. The operational section 3558 can
create a data structure including an interval tree using the time column and a desired sample rate
3558-0. In some embodiments, such a data structure can be contained as a dataframe. Data
encapsulation and inheritance from the original data set can be maintained (e.g., with metadata of
the data set).

[0310] Once data structures are created, in the event any data structures do not include
time/date points of a desired range, an operational section 3558 can automatically create such
time points. In some embodiments, missing time points can be based on a sampling rate,
however any other suitable criteria can be used (e.g., force all data sets to have the same or
equivalent time/date points). Two class members can be created: INVALID, for those data
structures missing time/date points, and VALID, for those data structures having all desired
time/date points. For INVALID data structures, data values can be imputed for the missing
time/date points 3558-4.

[0311] An operational section 3558 can enable any of various accessible member functions
3558-2, including but not limited to: query another interval; query a time range; union like

operations; and merging overlapping intervals.
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[0312] From created data structures, an operational section 3558 can create a dataframe
3558-3. From dataframes, concerted events across datasets can be represented in a tabular
format with a time interval column 3562.

[0313] FIGS. 36A to 36E show data operations according to an embodiment. It is
understood that the data operations are provided by way of example and should not be construed
as limiting.

[0314] FIG. 36A shows a VALID data structure 3664. The data structure 3664 can include
an interval tree corresponding to 24 sampling time periods. Data structure 3664 can be created
from a tabular data set having a data value DATA1 corresponding to each time period. FIG. 36B
shows an INVALID data structure 3666. The data structure 3666 can be missing data for
sampling time periods. Data structure 3666 can be created from a tabular data set having a data
value DATAZ2 for some, but not all time periods. As a result, there are missing time periods
(shown by dashed lines).

[0315] FIG. 36C shows an integrated data structure 3666 created from data structure 3666
shown in FIG. 36B. Missing DATA?2 intervals have been created. In addition, data values for
missing intervals have been imputed. FIG. 36D shows another integrated data structure 3668
created for another data set composed of data values DATA 3.

[0316] FIG. 36E shows a representation across data sets represented in tabular format for
times 12-15, generated from data structures of FIGS. 36A, 36C and 36D.

Computer systems

[0317] The present disclosure provides computer systems that are programmed to implement
methods of the disclosure. FIG. 37 shows a computer system 3701 that is programmed or
otherwise configured to implement the machine learning models and methods described herein.
The computer system 3701 can be an electronic device of a user or a computer system that is
remotely located with respect to the electronic device. The electronic device can be a mobile
electronic device.

[0318] The computer system 3701 includes a central processing unit (CPU, also “processor”
and “computer processor” herein) 3705, which can be a single core or multi core processor, or a
plurality of processors for parallel processing. The computer system 3701 also includes memory
or memory location 3710 (e.g., random-access memory, read-only memory, flash memory),
electronic storage unit 3715 (e.g., hard disk), communication interface 3720 (e.g., network
adapter) for communicating with one or more other systems, and peripheral devices 3725, such
as cache, other memory, data storage and/or electronic display adapters. The memory 3710,

storage unit 3715, interface 3720 and peripheral devices 3725 are in communication with the
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CPU 3705 through a communication bus (solid lines), such as a motherboard. The storage unit
3715 can be a data storage unit (or data repository) for storing data. The computer system 3701
can be operatively coupled to a computer network (“network™) 3730 with the aid of the
communication interface 3720. The network 3730 can be the Internet, an internet and/or
extranet, or an intranet and/or extranet that is in communication with the Internet. The network
3730 in some cases is a telecommunication and/or data network. The network 3730 can include
one or more computer servers, which can enable distributed computing, such as cloud
computing. The network 3730, in some cases with the aid of the computer system 3701, can
implement a peer-to-peer network, which may enable devices coupled to the computer system
3701 to behave as a client or a server.

[0319] The CPU 3705 can execute a sequence of machine-readable instructions, which can
be embodied in a program or software. The instructions may be stored in a memory location,
such as the memory 3710. The instructions can be directed to the CPU 3705, which can
subsequently program or otherwise configure the CPU 3705 to implement methods of the present
disclosure. Examples of operations performed by the CPU 3705 can include fetch, decode,
execute, and writeback.

[0320] The CPU 3705 can be part of a circuit, such as an integrated circuit. One or more
other components of the system 3701 can be included in the circuit. In some cases, the circuit is
an application specific integrated circuit (ASIC).

[0321] The storage unit 3715 can store files, such as drivers, libraries and saved programs.
The storage unit 3715 can store user data, e.g., user preferences and user programs. The
computer system 3701 in some cases can include one or more additional data storage units that
are external to the computer system 3701, such as located on a remote server that is in
communication with the computer system 3701 through an intranet or the Internet.

[0322] The computer system 3701 can communicate with one or more remote computer
systems through the network 3730. For instance, the computer system 3701 can communicate
with a remote computer system of a user (e.g., a mobile device configured to run one of the
recommendation applications described herein). Examples of remote computer systems include
personal computers (e.g., portable PC), slate or tablet PC’s (e.g., Apple® iPad, Samsung®
Galaxy Tab), telephones, Smart phones (e.g., Apple® iPhone, Android-enabled device,
Blackberry®), or personal digital assistants. The user can access the computer system 3701 via
the network 3730.

[0323] Methods as described herein can be implemented by way of machine (e.g., computer

processor) executable code stored on an electronic storage location of the computer system 3701,
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such as, for example, on the memory 3710 or electronic storage unit 3715. The machine
executable or machine-readable code can be provided in the form of software. During use, the
code can be executed by the processor 3705. In some cases, the code can be retrieved from the
storage unit 3715 and stored on the memory 3710 for ready access by the processor 3705. In
some situations, the electronic storage unit 3715 can be precluded, and machine-executable
instructions are stored on memory 3710.

[0324] The code can be pre-compiled and configured for use with a machine having a
processer adapted to execute the code or can be compiled during runtime. The code can be
supplied in a programming language that can be selected to enable the code to execute in a pre-
compiled or as-compiled fashion.

[0325] Aspects of the systems and methods provided herein, such as the computer system
3701, can be embodied in programming. Various aspects of the technology may be thought of as
“products” or “articles of manufacture” typically in the form of machine (or processor)
executable code and/or associated data that is carried on or embodied in a type of machine
readable medium. Machine-executable code can be stored on an electronic storage unit, such as
memory (e.g., read-only memory, random-access memory, flash memory) or a hard disk.
“Storage” type media can include any or all of the tangible memory of the computers, processors
or the like, or associated modules thereof, such as various semiconductor memories, tape drives,
disk drives and the like, which may provide non-transitory storage at any time for the software
programming. All or portions of the software may at times be communicated through the
Internet or various other telecommunication networks. Such communications, for example, may
enable loading of the software from one computer or processor into another, for example, from a
management server or host computer into the computer platform of an application server. Thus,
another type of media that may bear the software elements includes optical, electrical and
electromagnetic waves, such as used across physical interfaces between local devices, through
wired and optical landline networks and over various air-links. The physical elements that carry
such waves, such as wired or wireless links, optical links or the like, also may be considered as
media bearing the software. As used herein, unless restricted to non-transitory, tangible
“storage” media, terms such as computer or machine “readable medium” refer to any medium
that participates in providing instructions to a processor for execution.

[0326] Hence, a machine readable medium, such as computer-executable code, may take
many forms, including but not limited to, a tangible storage medium, a carrier wave medium or
physical transmission medium. Non-volatile storage media include, for example, optical or

magnetic disks, such as any of the storage devices in any computer(s) or the like, such as may be
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used to implement the databases, etc. shown in the drawings. Volatile storage media include
dynamic memory, such as main memory of such a computer platform. Tangible transmission
media include coaxial cables; copper wire and fiber optics, including the wires that comprise a
bus within a computer system. Carrier-wave transmission media may take the form of electric or
electromagnetic signals, or acoustic or light waves such as those generated during radio
frequency (RF) and infrared (IR) data communications. Common forms of computer-readable
media therefore include for example: a floppy disk, a flexible disk, hard disk, magnetic tape, any
other magnetic medium, a CD-ROM, DVD or DVD-ROM, any other optical medium, punch
cards paper tape, any other physical storage medium with patterns of holes, a RAM, aROM, a
PROM and EPROM, a FLASH-EPROM, any other memory chip or cartridge, a carrier wave
transporting data or instructions, cables or links transporting such a carrier wave, or any other
medium from which a computer may read programming code and/or data. Many of these forms
of computer readable media may be involved in carrying one or more sequences of one or more
instructions to a processor for execution.

[0327] The computer system 3701 can include or be in communication with an electronic
display 3735 that comprises a user interface (UI) 3740 for providing, for example,
recommendations to a subject (e.g., diet or physical activity recommendations) that can aid the
subject in altering or maintaining a blood glucose level. Examples of UI’s include, without
limitation, a graphical user interface (GUI) and web-based user interface.

[0328] Methods and systems of the present disclosure can be implemented by way of one or
more algorithms. An algorithm can be implemented by way of software upon execution by the
central processing unit 3705. The algorithm can, for example, any of the machine learning
algorithms or models described herein.

[0329] While preferred embodiments of the present invention have been shown and
described herein, it will be obvious to those skilled in the art that such embodiments are provided
by way of example only. It is not intended that the invention be limited by the specific examples
provided within the specification. While the invention has been described with reference to the
aforementioned specification, the descriptions and illustrations of the embodiments herein are
not meant to be construed in a limiting sense. Numerous variations, changes, and substitutions
will now occur to those skilled in the art without departing from the invention. Furthermore, it
shall be understood that all aspects of the invention are not limited to the specific depictions,
configurations or relative proportions set forth herein which depend upon a variety of conditions
and variables. It should be understood that various alternatives to the embodiments of the

invention described herein may be employed in practicing the invention. It is therefore
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contemplated that the invention shall also cover any such alternatives, modifications, variations
or equivalents. It is intended that the following claims define the scope of the invention and that

methods and structures within the scope of these claims and their equivalents be covered thereby.
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CLAIMS

WHAT IS CLAIMED IS:

1. A computer-implemented method for training and using a reinforcement learning
algorithm to generate a recommendation that aids a subject in maintaining or adjusting or
optimizing a glucose level of the subject with respect to a reward function, the method
comprising:
until a convergence condition is achieved, iteratively:
generating the recommendation using the reinforcement learning algorithm,
which recommendation comprises a recommended meal or physical activity,
processing the recommendation using a biophysical reaction model to generate a
predicted glucose response of the subject to following the recommendation,
applying a reward function to the predicted glucose response to generate a first
reward and updating the reinforcement learning algorithm based on the first reward,
providing the recommendation to the subject;
measuring a glucose response of the subject to following the recommendation; and
applying a second reward function to the measured glucose response to generate a second
reward and updating the reinforcement learning algorithm based on the second reward.
2. The method of claim 1, further comprising using the glucose response of the subject to
train the biophysical reaction model.
3. The method of claim 1, further comprising encoding the glucose response of the
subject into a low-dimension latent space for providing to the biophysical reaction model
and to the second reward function.
4, The method of claim 1, wherein the first reward function is the same as the second
reward function.
5. The method of claim 1, wherein the biophysical reaction model includes at least
one body model configured to generate a simulated biophysical response of the subject in
response to a plurality of inputs.
6. The method of claim 5, wherein generating the predicted glucose response of the
subject comprises:
applying the glucose response of the subject to a predictor trained to infer a future
glucose response;
applying the recommendation to an adherence model configured to evaluate how

closely the subjects will follow the recommendation; and
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selectively applying outputs of the predictor and the adherence model as the
plurality of inputs to the body model.
7. The method of claim 6, wherein generating the predicted glucose response further
comprises applying the simulated biophysical response to an autoencoder and generative
adversarial network to generate the predicted glucose response.
8. The method of claim 1, wherein the convergence condition is based at least in part
on the magnitude of the first reward.
9. A method, comprising;
training each of a plurality of different autoencoder (AE) temporal convolutional
neural networks (CNN5s) on historical time series data from one of a plurality of different
data sources, wherein the plurality of different data sources comprises a continuous
glucose monitor, a heart rate monitor, and a source of food data;
generating a plurality of seed values using the plurality of AE temporal CNNs in
response to current data from the plurality of different data sources;
configuring each of a plurality of different CNN encoders with one of the plurality
seed values from a corresponding AE temporal CNN;
applying past the historical times series data from the corresponding data sources
to the temporal CNN encoders to generate encoded data values; and
applying the encoded data values to a forecast configured to generate predicted
data values corresponding to one of the data sources.
10. The method of claim 9, wherein training the plurality of AE temporal CNNs
includes:
training a first AE temporal CNN with data from a first type sensor that reads a
first biophysical response, and
training a second AE temporal CNN with data from a second type sensor that
reads a second biophysical response; and
applying the encoded data values to generate predicted first biophysical
responses.
11. A method, comprising:
receiving reference values over time from a first biophysical sensor that represent
at least one biophysical response of a subject, the time including a first time period
followed by a second time period,;

receiving first data values from a second biophysical sensor;
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inferring first predicted values for the at least one biophysical response with a first
subject model using at least first data from the second time period;

inferring second predicted values for the at least one biophysical response with a
second subject model using at least first data from the first time period; and

comparing the first and second predicted values to the reference values to
determine the accuracy of the subject models.
12. The method of claim 11, wherein:

inferring second predicted values includes

inferring predicted first data values for the second time period from first data
values of the first time period, and

applying the first predicted data values for the second time period to the second
subject model.
13. The method of claim 11, further including:

receiving second data values;

inferring first predicted values for the at least one biophysical response further
includes using second data from the second time period; and

inferring second predicted values for the at least one biophysical response further
includes using second data from the first time period.
14. The method of claim 11, further including:

in response to at least the reference values and first data values from the first time
period, adjusting parameters in the second subject model.
15. The method of claim 11, further including:

applying the first predicted values for the at least one biophysical response to a
first generative adversarial network to generate first adjusted predicted values;

applying the second predicted values for the at least one biophysical response to a
second generative adversarial network to generate second adjusted predicted values; and

comparing the first and second adjusted predicted values to the reference values to
determine the accuracy of the generative adversarial networks.
16. The method of claim 11, further including:

in response to comparing the first and second predicted values to the reference

values updating at least the first and second body models.

-73 -



WO 2020/113128 PCT/US2019/063788
17. A system, comprising:

a first data prediction model configured to generate predicted first data values for a
second time period from first data values for a first time period which precedes the second
time period,

a second data prediction model configured to generate predicted second data
values for the second time period from second data values for the first time period,

a first subject model comprising at least in part an artificial neural network (ANN)
configured to infer a first predicted biophysical response from first and second data values
from the second time period,

a second subject model having a same structure as the first body model configured
to infer a second predicted biophysical response from predicted first and second data
values for the second time period; and

a compare system configured to compare a reference biophysical response for the
second time period to the first and second predicted biophysical responses.

18. The system of claim 17, wherein:

the first and second data prediction models comprise long short-term memory
networks.

19. The system of claim 17, further including:

a third data prediction model configured to generate a predicted reference
biophysical response for the second time period from the reference biophysical response
for the first time period.

20. The system of claim 17, further including:

a parameter estimator configured to update at least the second subject model in
response to a reference biophysical response, and the first and second data values from the
first time period.

21. The system of claim 17, further including:

a feedback generator configured to selectively adjust any of the first data
prediction model, a second data prediction model, the first subject model, the second
subject model in response to comparison results from the compare system.

22. A method, comprising:

during a first time interval, training a biophysical model comprising an artificial
neural network (ANN) to generate a simulated biophysical response of a subject from at
least first sensor data and second sensor data, the first sensor data comprising continuous

glucose monitoring data and the second sensor data comprising heart rate monitoring data,
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which training comprises estimating personalized time-varying parameters of the
biophysical model;

during a second time interval, generating the simulated biophysical response of the
subject in real time using the trained biophysical model, the real-time data including the
second sensor data but not including the first sensor data.

23. The method of claim 22, wherein training the biophysical model includes:
applying at least the first sensor data to the biophysical model, and

updating the biophysical model using a parameter estimator that evaluates the
simulated first biophysical response with respect to a subject’s actual first biophysical
response.

24.  The method of claim 22, wherein training the biophysical model includes applying
the first sensor data and the second data to the first biophysical model, the second data
being different than the first biophysical response.

25. The method of claim 24, wherein the second data comprises data logged by the
subject.

26. A system, comprising:

a first biophysical model comprising an artificial neural network (ANN)
configured to derive network parameters in response to training with data from at least one
type of sensor to output a simulated first type biophysical response;

a parameter estimator configured to update parameters of the first biophysical
model in response to the simulated first type biophysical response and an actual first type
biophysical response of a subject; and

a second biophysical model comprising an ANN, configured with the network
parameters, operable to infer predicted first type biophysical responses in real-time for the
subject in response to sensor data received from the at least one type of sensor in real-
time.

27. The system of claim 26, wherein the actual first type biophysical response is
recorded with a first type sensor and the at least one type of sensor is different than the
first type sensor.

28. The system of claim 27, wherein the at least one type of sensor records a second

type biophysical response different from the first type biophysical response.

-75 -



WO 2020/113128 PCT/US2019/063788

29. The system of claim 26, wherein the actual first type biophysical response is
recorded with a first type sensor and the at least one type of sensor is different than the
first type sensor.
30. The system of claim 26, wherein:

the first biophysical model derives the network parameters in response to training
with data from at least one type of sensor and data from a second source; and

the second biophysical model infers predicted first type biophysical responses in
response to sensor data received from the at least one type of sensor in real-time and data
from the second source received in real-time.
31 The system of claim 30, wherein the second source comprises data logged
personally by the subject.
32. A method, comprising:

receiving time series data from a plurality of different sources that each record data
of a different type for at least one subject that performs actions, the different sources
including a glucose sensor that records a glucose response of the at least one subject;

executing unsupervised learning on the time series data with at least one encoding
artificial neural network (ANN) to produce encoded values in a resulting latent space
having a predetermined distance from one another;

selecting orthogonal values based on the latent space;

decoding the orthogonal values with an ANN having a corresponding decoding
structure to the encoding ANN to generate decoded values; and

mapping the decoded values to subject actions.
33. The method of claim 32, wherein executing unsupervised learning includes
autoencoding the time series data.
34 The method of claim 33, wherein autoencoding the time series data includes
autoencoding with a temporal convolutional neural network (NN) variational autoencoder.
35. The method of claim 32, further including filtering the decoded values based on
relevance criteria for a particular subject.
36. The method of claim 32, wherein the different sources further include a second
type sensor that records a second type biophysical response of the at least one subject.
37. The method of claim 32, wherein at least one subject action is selected from

physical activities of the subject and the ingestion of food by the subject.
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38. The method of claim 32, wherein at least one of the different sources is selected
from the group of accelerometer data, calendar data of the subject, and sleep state of the
subject.
39. A system, comprising;

an encoder configured to encode time series data values into encoded values in a
latent space having a predetermined metric distance from one another, the time series data
being from a plurality of different data sources that record features of at least one subject,
at least one time series data being for a first type biophysical response of the at least one
subject;

a value selector module configured to determine orthogonal values from the
encoded values;

an decoder having a decoding structure corresponding to the encoder and
configured to generate decoded values from the orthogonal values; and

an action mapping module configured to map the decoded values to actions of the
at least one subject.
40. The system of claim 39, wherein the autoencoder comprises a temporal
convolutional NN variational autoencoder.
41. The system of claim 39, further including a filtering module configured to
selectively discard some of the decoded values based on relevance criteria for a particular
subject.
42, The system of claim 39, wherein at least another of the time series data is for a
second type biophysical response of the at least one subject.
43.  The system of claim 39, wherein the data sources include a continuous glucose
meter, heart rate monitor and food data logged by the at least one subject.
44, A method, comprising:

creating a data object in a system memory of a computing system,;

copying data into the data object;

by execution of a decorator function, transforming the data object into a data
processing object having an egress messaging function;

processing the data of the data processing object with one of a plurality of different
machine learning processes; and

upon completing the processing of the data, returning a processing result and

executing the egress messaging function.
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45. The method of claim 44, wherein the plurality of different processes are
asynchronous processes, and wherein the method further comprises, upon receiving a
message for the egress messaging function:
creating a next data object in the system memory;
copying next data into data object;
by execution of the decorator function, transforming the next data object
into a next data processing object having the egress messaging function; and
processing data of the next data processing object with one of the machine
learning processes.
46. The method of claim 44, wherein the processing result comprises a dictionary
object that maps keys to values.
47. The method of claim 44, wherein the data comprises input data to an artificial
neural network (ANN) for learning operations on the ANN.
48. The method of claim 44, wherein the data comprises input data to an artificial
neural network (ANN) for inference operations on the ANN.
49. A system, comprising:
a data store configured to store data for processing;
system memory,
a multiprocessing module configured to execute a plurality of machine learning
processes in parallel; and
a data object decorating function comprising instructions executable by the
multiprocessing module and configured to:
create a data object in the system memory,
copy data into the data object from the data store,
transform the data object into a data processing object having an egress
messaging function, and
instantiate one of the machine learning processes to process the data of the data
processing object and return processing results and execute the messaging function to

return a message.

50. The system of claim 49, wherein the multiprocessing module is resident on a
server.
51. The system of claim 49, wherein the multiprocessing module is distributed over a

plurality of servers.
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52. The system of claim 49, wherein the machine learning processes include an
artificial neural network (ANN).
53. The system of claim 49, wherein the ANN is selected from the group consisting of
autoencoders (AEs), generative adversarial networks (GANs), long short-term memory
networks (LSTMs), convolutional neural networks (CNNs), and reinforcement learning
(RL) algorithms.
54. A method, comprising:

creating a biophysical model with at least one machine learning architecture to
predict a first biophysical response, wherein the biophysical model has been trained with
at least primary sensor data and secondary sensor data, the primary sensor data capturing a
first biophysical response, the secondary sensor data capturing a second biophysical
response;

in response to at least the secondary sensor data and not the primary sensor data,
predicting a first biophysical response of the subject with the biophysical model,

determining if the predicted first biophysical response is outside of predetermined
limits; and

if the predicted first biophysical response is outside of predetermined limits,
transmitting at least one recommendation to the subject, the at least one recommendation
selected to adjust the subject’s actual biophysical response to be within the predetermined
limits.
55. The method of claim 54, further including setting the predetermined limits
according to the subject’s health status.
56. The method of claim 54, further including setting the predetermined limits
according to a subject’s health goals.
57. The method of claim 54, wherein the first biophysical response includes a glucose
response of the subject.
58. The method of claim 54, wherein the second biophysical response includes a heart
rate of the subject.
59. The method of claim 54, wherein the biophysical model is also trained with data
logged by the subject.
60. The method of claim 59, wherein the primary sensor data is generated from a
continuous glucose monitor; the secondary sensor data is generated from a heart rate

monitor; and the data logged by the subject is food eaten by the subject.
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61. The method of claim 54, wherein the at least one recommendation is selected from
a physical activity recommendation and a food recommendation.
62. The method of claim 54, wherein the biophysical model comprises an artificial
neural network configured as an autoencoder.
63. The method of claim 54, wherein the biophysical model comprises an artificial
neural network configured as at least a long short-term memory (LSTM) configured to
predict a first biophysical response from a recommendation.
64. The method of claim 54, wherein the biophysical model comprises an artificial
neural network configured as at least one temporal convolutional neural network
configured to predict a first biophysical response of the subject.
65. The method of claim 54, wherein the at least one recommendation is selected from
a recommendation set including canonical actions derived by autoencoding heterogenous
sensor data.
66. The method of claim 54, further including, if the predicted first biophysical
response is not outside of predetermined limits, transmitting a predetermined message.
67. The method of claim 66, wherein the predetermined message is selected from the
group of: an encouragement message and a reward.
68. The method of claim 54, further including displaying the at least one
recommendation on a subject device.
69. The method of claim 68, further including capturing at least the secondary sensor
data with an application executable on a subject device.
70. The method of claim 69, further including capturing the primary data with the
application.
71. A method, comprising:

training a glucose regulation model having at least one first parameter to predict
glucose levels in response to at least food source data;

in response to information on a subject, substituting the at least one first parameter
with at least one personalized parameter in the glucose regulation model to create a
personalized glucose regulation model; and

applying food source data from the subject to the personalized glucose regulation
model to predict a glucose level of the subject.
72. The method of claim 71, wherein the glucose regulation model includes at least

one neural network.
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73. The method of claim 72, wherein the glucose regulation model includes at least
one statistical model selected form the group consisting of: a long short-term memory
neural network and recurrent neural network.

74. The method of claim 71, wherein the glucose regulation model includes at least
one neural network trained with data of a predetermined population.

75. The method of claim 71, wherein the at least one first parameter comprises an
insulin resistance parameter.

76. The method of claim 71, wherein the glucose regulation model includes at least
one glucose model selected from the group consisting of: a differential equation model of
glucose regulation and a glucose model comprising a set of coupled equations.

77. The method of claim 76, wherein the at least one differential equation model of
glucose regulation includes a food source function.

78. The method of claim 77, further including:

training the food source function with at least training data selected from the group
consisting of’ glycemic responses of a population to predetermined foods, and glycemic
responses calculated from data for predetermined foods.

79. The method of claim 71, further including generating the personalized parameters
of the subject by recording a glucose response of the subject with a glucose meter.

80. The method of claim 71, further including generating the personalized parameters
of the subject by classifying the subject into a demographic equivalent group based on
characteristic data of the subject.

81. A system, comprising;

a computing system comprising a glucose prediction model comprising at least one
model parameter operable to predict glucose levels in response to at least food source
data;

a model parameter input configured to receive at least one personalized parameter
as the at least one model parameter, the at least one personalized parameter generated in
response to data of a subject; and

a food source data input configured to apply food source data to the glucose
prediction model with the at least one personalized parameter to predict a glucose level of
the subject.

82. The system of claim 81 wherein the glucose regulation model comprises a neural

network.
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83. The system of claim 82 wherein the glucose regulation model comprises a
statistical model selected from the group consisting of: a long short-term memory neural
network and recurrent neural network.
84. The system of claim 81 wherein the glucose regulation model comprises at least at
least one neural network trained with data from a predetermined population.
85.  The system of claim method of claim 81, wherein the at least one model parameter
includes an insulin resistance parameter.
86. The system of claim 81, wherein the glucose regulation model is derived with
supervised training based on at least one model of glucose regulation selected from the
group consisting of: a differential equation model of glucose regulation and a glucose
model comprising a set of coupled equations.
87. The system of claim 86, wherein the at least one differential equation model of
glucose regulation includes a food source function.
88. The system of claim 87, wherein the food source function comprises at least one
neural network trained with training data selected from the group of: glycemic responses
of a population to predetermined foods, and glycemic responses calculated from data for
predetermined foods.
89. The system of claim 81, further including and electronic device configured to
generate the food source data.
90. The system of claim 81, further including a memory coupled to the model
parameter input and configured to store the personalized parameters.
91. A method, comprising:

training, on a plurality of attributes, a first neural network (NN) to impute a first
subset of the plurality of attributes from a second subset of the plurality of attributes;

training a second NN to predict a target value from the first subset of the attributes
and the second subset of attributes;

receiving a subset of input attributes of a plurality of input attributes from a
subject;

using the first NN to impute remaining input attributes in the plurality of input
attributes; and

processing the first subset of inputs attribute and the remaining input attributes
with the second NN to predict a target value.
92. The method of claim 91, wherein:

the first NN comprises an autoencoder.
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93. The method of claim 91, wherein:

the second NN comprises a bidirectional recurrent NN.
94, The method of claim 93, wherein:

the recurrent NN is a long short-term memory NN.

95. The method of claim 91, wherein:

the second subset of the plurality of attributes and the subset of input attributes
comprise nutrition data for food; and

the predicted target value is a glycemic value.

96. A system, comprising;

a subject data input configured to receive input attributes from a subject;

a first neural network (NN) trained to impute related attributes from input
attributes by randomly selecting attributes from sets of attributes having associated target
values, and configured to sequentially receive the input attributes;

a second NN trained to predict a target value from related attributes and the input
attributes, and configured to receive the input attributes and the related attributes
generated by the first NN; and

a subject data output configured to output and update a predicted target value from
the second NN in response to the application of each input attribute to the first and second
NN,

97. The system of claim 96, further including:

a data store configured to store training input attributes and corresponding training
target values for training the first and second NNss.
98. The system of claim 96, wherein:

the first NN comprises an autoencoder.
99. The system of claim 96, wherein:

the second NN comprises a bidirectional recurrent NN.
100. The system of claim 99, wherein:

the recurrent NN is a long short-term memory NN.
101. A method, comprising:

receiving sensor data from at least one sensor that generates biophysical readings
for a subject;

by operation of a first neural network (NN), embedding the sensor data to generate

embedded values;
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by operation of a second NN, generating imputed embedded values in response to
the embedded values, the imputed embedded values including imputed values
corresponding to one or more regions of the sensor data; and

normalizing the embedded imputed values to generate imputed values.

102.  The method of claim 101, wherein the regions do not include data that is usable.
103. The method of claim 101, wherein:

receiving sensor data includes receiving data from a first sensor and a second
sensor different from the first sensor; and

embedding the sensor data includes concatenating data from the first and second
Sensors.

104. The method of claim 103, wherein:
the first sensor is a glucose monitor.
105. The method of claim 104, wherein:

the second sensor is a heart rate monitor.
106. The method of claim 101, wherein:

the second NN comprises an autoencoder.
107. A system, comprising;

at least one biophysical sensor that generates sensor data having missing regions
where biophysical readings are determined to be invalid or missing;

a first neural network (NN) configured to embed data values from the at least one
sensor to generate embedded values;

a second NN configured to generate imputed embedded values in response to the
embedded values, the imputed embedded values including imputed values corresponding
to the missing regions of the sensor data; and

a normalizing system configured to normalize the embedded imputed values to
generate imputed values.

108.  The system of claim 107, wherein:

the at least one sensor includes a first sensor and a second sensor different than the
first sensor; and

the first NN is configured to embed sensor data from the first and second sensors
in a same time period into single values.

109.  The system of claim 108, wherein:

the first sensor is a glucose sensor.
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110.  The system of claim 109, wherein:

the second sensor is a heart rate monitor.
111.  The system of claim 107, wherein:

the second NN comprises an autoencoder.
112. A method, comprising:

receiving a validated data set and a query data set, each data set including data
values with labels;

by operation of a neural network (NN), classifying the validated data set and query
data sets with a probabilistic classifier conditioned on the data set values and target labels;
and

generating a quality score based on a classification result for all data values of one
data set.

113.  The method of claim 112, further including;

generating the query data set, including taking biometric sensor readings with

corresponding actions as labels.
114, The method of claim 113, wherein:

the biometric sensor comprises a glucose meter.
115. The method of claim 113, wherein:

the labels comprise food log data.

116. The method of claim 112, wherein:

a distribution of the data values has the form p(X, Y, Z) where X is the input
distribution, Y is a categorical target of the probabilistic classifier, and Z varies according
to which data set the values belong to.

117. The method of claim 116, wherein:

a classification of the probabilistic classifier takes the form h(x) = p(z = 1|x, Y=1),
and z equals O if x is from the data set with validated labels and Z equals 1 if x is from the
query data set.

118. A system, comprising;

a data storage system configured to store data sets including data values with
labels, the data sets including at least a validated data set and a query data set; and

an electronic system in communication with the data storage system that includes

at least one neural network configured as a probabilistic classifier configured to
classifying the validated data set and query data sets with conditioned on the data set

values and target labels, and
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a quality section configured to examine a classification value for all data values
in the query or validated data set and generate a quality value in response thereto.
119.  The system of claim 118, further including:

at least one biometric sensor configured to generate data values for the query data

set.
120. The method of claim 113, wherein:

the biometric sensor comprises a glucose meter.
121.  The system of claim 118, wherein:

the validated and query data sets include blood glucose levels with food logs as
labels.

122.  The system of claim 118, wherein:

a distribution of the data values has the form p(X, Y, Z) where X is the input
distribution, Y is a categorical target of the probabilistic classifier, and Z varies according
to which data set the values belong to.

123. The method of claim 122, wherein:

a classification of the probabilistic classifier take the form h(x) = p(X=1[x, Y=1),
and Z equals O or 1 depending upon whether x is from the validated data set or query data
set.

124. A method, comprising:

storing biophysical sensor signals and logged behavior corresponding to the
biophysical sensor signals in a data storage device, the stored data comprising training
data;

training a neural network on the training data to classify biophysical sensor signals
as resulting in target behaviors;

receiving input biophysical sensor data; and

processing the input biophysical sensor data using the neural network to classify a
target behavior that results from the input biophysical sensor data.

125. The method of claim 124, wherein:

the biophysical sensor signals include glucose sensor signals and the logged

behavior includes logged food data.
126. The method of claim 124, wherein:
the biophysical sensor signals include heart rate monitor signals and the logged

behavior includes logged food data.
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127. The method of claim 124, wherein:

the target behavior is predicted food consumption.
128.  The method of claim 124, further comprising:

acquiring the input biophysical sensor signals with at least one sensor for a subject;

transmitting the input biophysical sensor signals to the neural network; and

transmitting the target behavior to a device of the subject.
129. A system, comprising;

a storage system configured to store training data comprising training sensor data
and corresponding behavior data;,

at least one biophysical sensor configured to generate and transmit subject sensor
data; and

a behavior prediction system configured to receive the subject sensor data and
comprising at least one electronic system comprising a neural network trained as a
classifier that classifies the subject sensor data into a target behavior, the classifier trained
with the training data.
130.  The system of claim 129, wherein:

the training data comprising training sensor data from a plurality of different
biophysical sensors; and

the at least one biophysical sensor includes the plurality of different biophysical
Sensors.
131.  The system of claim 129, wherein:

the training sensor data includes glucose levels and the behavior data includes
logged food corresponding to the glucose level;

the at least one biophysical sensor includes a glucose meter; and

the target behavior is predicted food ingestion.
132.  The system of claim 129, wherein:

the training sensor data includes heart rate data and the behavior data includes
logged food corresponding to the heart rate data;

the at least one biophysical sensor includes a heart rate monitor; and

the target behavior is predicted food ingestion.
133, The system of claim 129, further including:

the behavior prediction system is further configured to transmit the target behavior;
and

a subject device configured to receive the target behavior.
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134. A method, comprising:

receiving and storing string data corresponding to a description of a food item;

applying the string data to a language processor configured to determine
nominative words and non-nominative words from the string data;

in response to the nominative words, querying an item database with the
nominative words;

in response to non-nominative words, querying the item database with the non-
nominative words; and

generating a list of query results in response to the querying, the list of query
results comprising recipes for the food items.

135.  The method of claim 134, further including:

the language processor is further configured to determine nominative words as
explicit ingredients; and

filtering the responses to the querying with the explicit ingredients to generate the
list of query results.

136. A system, comprising;

a storage device configured to store a database comprising descriptions of food
items;

a language processing system comprising at least one computing device configured
to process text strings to determine nominative and non-nominative words;

a query system comprising at least one computing device configured to apply first
queries to the database in response to the nominative words generated by the language
processing system and to apply second queries to the database in response to the non-
nominative words to generate a list of query results in response to the queries, the list of
query results comprising recipes for the food items.

137.  The system of claim 136, wherein:

the language processing system is further configured to determine nominative
words as explicit ingredients; and

the query system is further configured to filter responses to the first or second
queries.

138. A method, comprising:
receiving and storing first data comprising properties of an item;

receiving and storing second data comprising constituents of the item
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ranked in order of prevalence in the item;

determining the properties for at least one of the ranked constituents in a database
to generate look-up data;

determining at least one amount of the at least one constituent in the item in
response to the look-up data; and

storing the at least one amount of the at least one constituent as output data.
139. The method of claim 138, wherein:

receiving and storing first data includes receiving nutrition information for a food
item;

receiving and storing second data includes receiving ranked ingredient data for the
food item.
140. The method of claim 138, wherein:

receiving and storing first and second data includes capturing and processing
image data of a food label of the food item.
141. The method of claim 138, wherein:

the first data includes n properties;

second data includes m constituents;

determining the properties for each constituent includes creating and storing an
nxm matrix of constituents and their properties; and

determining the amount of each constituent in the item includes solving a system
of equations corresponding to y = Ax, where y is the amount of an ingredient, x is a
constituent and A is the matrix.
142. The method of claim 141, wherein:

determining the amount of each constituent includes applying the matrix A to a
neural network configured for linear regression analysis.
143. A system, comprising:

a data pre-processing section coupled to receive first data comprising properties of
an item and second data comprising constituents of the item
having a ranked in order of prevalence in the item, and including a processing device
configured to create a data structure that represents properties for each constituent; and

an analysis section coupled to receive the data structure and including a processing
device configured to determine determining the amount of each constituent in the item.
144.  The system of claim 143, further including:

an input device configured to capture the first and second data for the item.
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145.  The system of claim 144, wherein:

the input device comprises an image capture device configured to capture the
image of a label for the item.
146.  The system of claim 143, wherein:

the first data comprises nutrition information of a food item and the second data
comprises ingredients of the food item.
147.  The system of claim 143, wherein:

the first data includes n properties;

second data includes m constituents;

the data structure comprises a topological mapping of constituents and their
properties; and

the analysis section is configured to solve a system of equations corresponding to y
= Ax, where y is the amount of an ingredient, x is a constituent and A is the topological
mapping.
148.  The system of claim 147, wherein:

the topological map is a matrix and the analysis section comprises a neural
network configured for linear regression analysis.
149. A method, comprising:

receiving and storing first data comprising properties of an item;

receiving and storing second data comprising constituents of the item
ranked in order of prevalence in the item;

determining the properties for at least one of the ranked constituents in a database
to generate look-up data;

determining at least one amount of the at least one constituent in the item in
response to the look-up data; and

storing the at least one amount of each constituent as output data.
150. A method, comprising:

training a word embedding system having a weighting matrix with training data
comprising string descriptions of items and properties of the items to embed the string
descriptions of items into an embedded space weighted according to the properties of the

items; and
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applying an input string description of the item to the trained word embedding
system to infer an output word embedding weighted according to the properties of the
items.

151. The method of claim 150, wherein:

training the word embedding system includes training with food string descriptions
with nutrition information as the properties.
152.  The method, of claim 150, wherein:

applying the input string includes applying a string description of a food item.
153. A system, comprising:

a storage system configured to store training data that includes string descriptions
of items and properties of the items;

a word embedding system using a neural network trained with the training data to
embed words of the string descriptions into an embedded space with a weighting derived
from the properties of an item corresponding to one of the string descriptions; and

an input configured to receive an input string and apply it to the word embedding
system to generate word embeddings weighted according to the properties.

154.  The system of claim 153, wherein:

the training data includes word description of food items and nutrition information
for the food items.

155. The method, of claim 154, wherein:

input string includes a description of the food item and the generated word
embeddings are weighted according to the nutrition information.
156. A method, comprising:

training a word embedding system having a weighting matrix with training data
comprising string description of items and properties of the items to embed the word
string items into an embedded space weighted according to the properties of the
corresponding item; and

applying an input string description of the item to the trained word embedding
system to infer output word embedding with the property weighting.

157. A system, comprising;
a storage system configured to store training data that includes string descriptions

of items and properties of the items;
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a neural network configured as word embedding system trained with the training
data to embed words of the strings descriptions into an embedded space with a weighting
derived from the properties of the item corresponding to the string description; and

an input configured to receive an input string and apply it to the trained word
embedding system to generate word embeddings weighted according to the properties.

158. A method comprising:

(a) obtaining text-based descriptions of a plurality of food items and, for each of the
plurality of food items, (i) nutrition data and a glycemic value or (ii) nutrition data or a glycemic
value;

(b) generating embeddings of the text-based descriptions of the plurality of food items;

(c) inferring, based at least on the embeddings, a glycemic value for each food item in the
plurality of food items for which a glycemic value was not obtained and nutrition data for each
food item in the plurality of food items for which nutrition data was not obtained;

(d) training a supervised machine learning algorithm on the nutrition data and the
glycemic values of the plurality of food items to predict a glycemic value of a given food item
from nutrition data of the given food item.

159. The method of claim 158, further comprising providing the glycemic value of the given
food item to the supervised machine learning algorithm to predict the glycemic value of the
given food item.

160. The method of claim 158, wherein the glycemic value is a glycemic index or a glycemic
load.

161. The method of claim 158, wherein (b) comprises applying an unsupervised learning
algorithm to the text-based descriptions of the plurality of food items.

162. The method of claim 161, wherein the unsupervised learning algorithm is a
dimensionality reduction algorithm.

163. The method of claim 161, wherein the unsupervised learning algorithm is an n-gram or
bag-of-words model.

164. The method of claim 158, wherein the supervised machine learning algorithm is a deep
neural network.

165. A system, comprising;

a data storage system configured to store at least a first database and a second database,
the first database including descriptions of first items with corresponding attributes, the second
database including descriptions of second items with corresponding target values, at least some

of the first items being different than the second items;
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an embedding system comprising at least a first computing device configured to merge
the first and second databases to generate training data that includes merged item descriptions
with corresponding attributes and target values; and

at least a first inference system comprising a machine learning system trained with the
training data to infer target values from attributes.
166. The system of claim 165, wherein the descriptions of items comprise word descriptions.
167.  The system of claim 165, wherein, the items are food items, the attributes are nutrition
data of the food items, and the target values are glycemic response values.
168.  The system of claim 167, wherein the glycemic response values are selected from the
group of: a glycemic index and a glycemic load.
169. The system of claim 167, further comprising a data capture section configured to acquire
nutrition data with at least a subject device, and wherein the at least first inference system is
configured to infer a glycemic index value from at least the acquired nutrition data.
170.  The system of claim 167, further comprising at least a second inference system that is
configured to determine a blood glucose value of a subject in response to at least glycemic
response values of foods indicated as ingested by the subject.
171.  The system of claim 165, wherein the embedding system comprises at least one neural
network configured to embed descriptions of first and second items into an embedded space.
172. A system, comprising;

a data acquisition system configured to acquire attribute values for items; and

at least a first inference system configured to infer target values from the acquired
attribute values, the first inference system including:

at least one neural network trained with training data generated by embedding at

least a first data set and second data set, the first data set including descriptions of items with
corresponding attributes, the second data set including descriptions of items with corresponding
target values.
173.  The system of claim 172, further including a training agent configured to train the at least
one neural network with the training data.
174.  The system of claim 172, further including at least a second inference system configured
to infer a response for a subject from at least inferred target values.
175.  The system of claim 172, wherein the target values are glycemic response values for food
items, and wherein the attribute values are nutrition values of the food items.
176.  The system of claim 172, wherein at least the attribute values are text values embedded

into a vector space.
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177.  The system of claim 172, further including an application server configured to transmit
data to an application executed on a subject device in response to at least the inferred target
values.
178. A method, comprising:

training a neural network with time series training data of a first modality and time
series training data of a second modality to create a first model that generates time series
data of the second modality from time series data of the first modality;

training a second model with the generated time series of the second modality,
time series training data of a third modality, and time series data of a fourth modality to
generate time series data of the fourth modality;

until a convergence condition is reached, iteratively testing the second model on
the time series data of the first modality and the time series data of the third modality; and

responsive to reaching the convergence condition, predicting second modality data
by testing the second model with data of the first modality.
179.  The method of claim 178, further comprising:

acquiring the time series training data of the first modality with a first type sensor;
and

acquiring the time series training data of the second modality with a second type
sensor.
180. The method of claim 179, wherein the second type sensor is a glucose meter, and
wherein the time series data of the second modality includes glucose levels over time.
181. The method of claim 178, wherein training the neural network to create the first
model includes training with N sets of time series training data, and wherein training the
first model with the estimated time series training data of the first modality and time series
training data of at least the third modality includes training with M sets of time series data.
182. The method of claim 181, further comprising testing the first model with the N sets
of time series data and the M sets of time series data and updating the first model in
response to error values of the testing, and wherein the trained first model is the first
model with the smallest error.
183. The method of claim 178, wherein reaching a convergence condition includes

calculating an error value not greater than a threshold.
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184. A system, comprising:

an initial model section that includes a first model trained to generate time series
data of a second modality from time series data of a first modality with M sets of training
data;

a training section that includes:

a second model derived from the first model and configured to generate time
series data of at least a third modality from at least time series data of a fourth
modality with N sets of training data, and

a testing section configured to test the second model with the M and N sets of
training data, and update the second model in response to test error values; and

an inference model that is the second model with the lowest test error value,
configured to infer time series data of the second modality from time series data of the
first modality.
185.  The system of claim 184, wherein the first model, the second model and the
inference model comprise neural networks.
186. The system of claim 184, wherein the time series data of the first and second
modalities are biophysical sensor data.
187. The system of claim 186, wherein at least the time series data of the first and
second modalities are glucose levels corresponding to glucose meters.
188.  The system of claim 187, wherein the third and fourth modalities are glucose
levels.
189.  The system of claim 184, wherein the training section comprises:
an inverse model that is an inverse of the first model and configured to
generate estimated time series data of the first modality from the time series data of
the third and a fourth modality;
an estimator section configured to generate linear parameters from the
estimated time series data of the first modality and the time series data of the third
modality;
section configured to generate mapped time series data of the first modality from time
series data of the third modality using the linear parameters,

wherein the second model is trained with the mapped time series data of the

first modality.
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190. A method, comprising:

training a neural network with time series training data of a first modality and time
series training data of a second modality to create a first model that generates time series
data of the second modality from time series data of the first modality;
until a convergence condition is reached:
using a second model to generate estimated time series data of the first
modality from a mixture of time series data from a third modality and a fourth
modality, wherein the second model is initiated as an inverse model of the first
model;
using the estimated time series data of the first modality and time series
data of the third modality, training the second model to estimate linear fitting
parameters;
using the estimated linear fitting parameters to generate analogous time
series data of the first modality from the time series data of the third modality;
linearly mapping the analogous time series data of the first modality to the
time series data of the third modality;
training a third model using the linearly mapped analogous time series data
from the first modality mixture of time series data of the third modality and time
series data of the fourth modality to generate a mixture of time series data from the
third modality and time series data from the fourth modality, wherein the third
model is an inverse of the second model;
modifying the second model to be an inverse model of the third model; and
evaluating whether the convergence condition has been reached.
191. The method of claim 190, wherein training the third model includes initializing the
third model as the first model.
192. A method for training a neural network to calibrate time series data, comprising:
receiving calibrated time series data for a biophysical response and corresponding
raw time series data for the biophysical response;
training, on the calibrated time series data and the corresponding raw time series
data for the biophysical response, a neural network to generate calibrated time series data,
which training comprises updating parameters of the neural network based on a difference
between (1) an output of the neural network for a given raw time series and (ii) a
corresponding calibrated times series;

receiving raw input time series data generated by a biophysical sensor; and

- 96 -



WO 2020/113128 PCT/US2019/063788

generating calibrated time series data by applying the raw input time series data to
the neural network.
193. The method of claim 192, wherein the raw input time series data is generated by a
glucose meter.
194. The method of claim 192, wherein the neural network is trained to cancel drift
present in the raw input time series data.
195.  The method of claim 194, wherein the raw time series data and raw input time
series data are generated by glucose meters.
196. The method of claim 192, wherein training the neural network further comprises
domain specific feature engineering.
197.  The method of claim 192, wherein training the neural network comprises
unsupervised training,
198. A method, comprising:

building data structures from a plurality of data sets having an ordering, the data
structures including interval trees based on the ordering;

determining if any structures have missing intervals in the interval tree;

if a data structure has a missing interval, creating data for the missing interval by
imputing data values for the missing interval;

accessing the data structures by at least searching the interval trees in response to
query data; and

forming a tabular data structure from the accessed data values that includes a
column reflecting the ordering.
199. The method of claim 198, wherein the data sets comprise actions ordered in time.
200. The method of claim 198, wherein determining if any of the data structures have
missing intervals includes classifying data structures into a first class if they have no
missing intervals and a second class if they have missing intervals.
201. The method of claim 198, wherein:

accessing data values from the data structures includes an operation selected from
the group consisting of: selecting a data structure for a query operation; querying a region
of a data structure dictated by the ordering; joining query results; and merging overlapping
regions of different data structures.
202. The method of claim 198, wherein forming the tabular data structure includes

forming a dataframe from the accessed data values.
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203. The method of claim 198, wherein forming the tabular data structure includes
forming a dataframe from the accessed data values.
204. The method of claim 198, wherein the data sets comprise different subject events
having an ordering, and wherein forming the tabular data structure includes forming a
tabular data structure that includes different subject events over a queried time period.
205. The method of claim 204, wherein at least one of the subject events is a
biophysical response of the subject.
206. The method of claim 205, wherein the biophysical response is a glucose level of
the subject.
207. A system, comprising:
a data store configured to store tabular data sets, each having data values with an
ordering; and
memory comprising machine-executable instructions that when executed by a

processor cause the processor to perform operations comprising:

create data structures that include interval trees based on the ordering,

determining if any of the interval trees includes missing intervals,

if an interval tree has a missing interval, imputing data for the missing interval,

accessing data values from the data structures by at least searching the interval

trees of the data structures in response to query data, and
forming a tabular data structure from the accessed data values that includes a
column reflecting the ordering.

208. The system of claim 207, wherein the data store is configured to store tabular data
sets having time or date column corresponding to subject actions.
209. The system of claim 207, wherein the processing section is configured to execute
an operation selected from the group consisting of: selecting a data structure query
operation; querying a region of a data structure dictated by the ordering; joining query
results; and merging overlapping regions of structures.
210. The system of claim 207, wherein the data store is configured to store tabular data
sets comprising different subject events having an ordering, and wherein the processing
section is configured to forming tabular data structures that includes different subject
events over a queried time period.
211.  The system of claim 210, wherein at least one of the subject events is a biophysical

response of the subject.
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212.  The system of claim 211, wherein the biophysical response is a glucose level of the

subject.
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