US 2020014662

a9y United States

Al

b
3

12) Patent Application Publication (o) Pub. No.: US 2020/0146623 Al

Anushiravani et al. (43) Pub, Date: May 14, 2020
(54) INTELLIGENT HEALTH MONITORING GI6H 70/60 (2006.01)
G16H 50/20 (2006.01)
(71) Applicant: CurieAl, Inc., Santa Clara, CA (US) (52) US. CL
CpC ... A61B 5/4848 (2013.01); A61B 5/4842

(72) Inventors: Ramin Anushiravani, Santa Clara, CA
(US); Sridhar Krishna Nemala, Santa
Clara, CA (US); Ravi Kiran
Yalamanchili, San Jose, CA (US);
Navya Swetha Davuluri, Sunnyvale,
CA (US)

(21) Appl. No.: 16/680,429

(22) Filed: Nov. 11, 2019

Related U.S. Application Data

(60) Provisional application No. 62/845,277, filed on May
8, 2019, provisional application No. 62/802,673, filed
on Feb. 7, 2019, provisional application No. 62/760,
385, filed on Nov. 13, 2018.

Publication Classification

(51) Int. CL
AGIB 5/00 (2006.01)
AGIB 5/0205 (2006.01)
AGIB 5/1455 (2006.01)
AG6IB 5/11 (2006.01)
GI6H 20/10 (2006.01)
GI6H 70/40 (2006.01)

(2013.01); A6IB 5/0205 (2013.01); A61B
5/14551 (2013.01); A6IB 5/7267 (2013.01);
AGIB 5/7257 (2013.01); A61B 5/024
(2013.01); A61B 5/6817 (2013.01); A6IB 5/11
(2013.01); GI6H 20/10 (2018.01); GI6H
70/49 (2018.01); G16H 70/60 (2018.01);
GI6H 50/20 (2018.01); A6IB 5/4818
(2013.01)

(7) ABSTRACT

Embodiments are disclosed for health assessment and diag-
nosis implemented in an artificial intelligence (Al) system.
In an embodiment, a method comprises: capturing, using
one or more sensors of a device, signals including informa-
tion about a user’s symptoms; using one or more processors
of the device to: collect other data correlative of symptoms
experienced by the user; and implement pre-trained data
driven methods to: determine one or more symptoms of the
user; determine a disease or disease state of the user based
on the determined one or more symptoms; determine a
medication effectiveness in suppressing at least one deter-
mined symptom or improving the determined disease state
of the user; and present, using an output device, one or more
evidence for at least one of the determined symptoms, the
disease, disease state, or an indication of the medication
effectiveness for the user.
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INTELLIGENT HEALTH MONITORING

CROSS-RELATED APPLICATIONS

[0001] This application claims the benefit of priority from
U.S. Provisional Patent Application No. 62/760,385, filed
Nov. 13,2018, for “Intelligent Health Monitoring,” and U.S.
Provisional Patent Application No. 62/802,673, filed Feb. 7,
2019, for “Intelligent Health Monitoring,” and U.S. Provi-
sional Patent Application No. 62/845,277, filed May 8§,
2019, for “Always-On Passive Health Monitoring,” which
provisional patent applications are each incorporated by
reference herein in its entirety.

TECHNICAL FIELD

[0002] The disclosed subject matter relates generally to
health monitoring, and more particularly to health monitor-
ing using multimodal sensors and other external data cap-
tured manually.

BACKGROUND

[0003] Health assessment and diagnosis of specific disease
conditions is performed based on data from measurements
of a relevant set of biomarkers. A health assessment can also
include determining the disease state, severity and progres-
sion. Vital signs like pulse rate, temperature, respiration rate
and blood pressure are measured using a variety of sensors.
These measurements are taken one time or continuously/
intermittently over an extended period of time. For example,
while a fever diagnosis can simply be done based on a single
temperature measurement, a diagnosis of hypertension
requires at least three blood pressure readings taken at least
one week apart. A diagnosis of obstructive sleep apnea
requires continuous measurement of heart, lung and brain
activity, breathing patterns, arm and leg movements, and
blood oxygen levels while the patient is asleep for at least 4
hours.

SUMMARY

[0004] In this disclosure, a number of embodiments are
disclosed for health assessment and diagnosis implemented
in an artificial intelligence (AI) system. The Al system takes
as input information from a multitude of sensors measuring
different biomarkers in a continuous or intermittent fashion.
The proposed techniques disclosed herein address the
unique challenges encountered in implementing such an Al
system.

[0005] More particularly, health monitoring techniques
are disclosed herein that monitor disease conditions and vital
signs of one or more users for a short or long period of time
continuously or when prompted. The disclosed embodi-
ments include systems, methods, apparatuses and computer
program products for collecting sensory information using
one or more sensors, such as one or more microphones, a
digital stethoscope, a peak flow meter, a pulse oximeter,
peripheral capillary oxygen saturation (SPO2) sensor, radio
frequency (RF) transceivers, and a portable ultrasound,
Polysomnography sensors (PSG), etc. In addition to sensory
information, other user information is collected, including
but not limited to: age, gender, abnormal vital signs, pre-
scribed and over-the-counter medications, geolocation, daily
activities, diet, and any other information that can be used to
predict (e.g., using proprietary machine learning and
advanced statistical signal processing algorithms) the user’s
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symptoms. The user’s symptoms may include but are not
limited to: coughing, snoring, teeth grinding, wheezing, etc.
[0006] In addition to predicting the user’s symptoms, the
system predicts the user’s disease or disease state, if any, as
well as possible future disease states, identifies triggers,
determines whether a particular medication prescribed to the
user is effective in managing the symptoms and/or disease or
discase state and determines multiple conditions other than
respiratory conditions, such as sleep disorders, sleep stages
(e.g., REM stages and Deep sleep) using the collected
sensory and user information.

[0007] In an embodiment, a method comprises: capturing,
using one or more sensors of a device, signals including
information about a user’s symptoms; using one or more
processors of the device to: collect other data correlative of
symptoms experienced by the user; and implement pre-
trained data driven methods to: determine one or more
symptoms of the user; determine a disease or disease state of
the user based on the determined one or more symptoms;
determine a medication effectiveness in suppressing at least
one determined symptom or improving the determined dis-
ease state of the user; and present, using an output device,
one or more evidence for at least one of the determined
symptoms, the disease, disease state, or an indication of the
medication effectiveness for the user.

[0008] For simplicity, only a few symptoms are discussed
in the description that follows. It should be noted, however,
that the disclosed embodiments can monitor any number of
symptoms, vital signs, and collect any suitable data to use in
predicting the user’s symptoms, disease or disease state
based on the symptoms, and/or whether a particular medi-
cation prescribed to the user is effective in managing the
symptoms and/or disease or disease state, etc.

[0009] Embodiments disclosed herein can be applied to
fall detection as falling down is common in elderly people.
For example, a fall is often followed by moaning sounds
from the pain that can be captured by the system and used
to alert an authority or a relative. The disclosed embodi-
ments can also be used in pharmaceutical clinical trials to get
amore consistent and accurate assessment of the medication
effectiveness on a controlled patient group quickly and cost
effectively.

BRIEF DESCRIPTION OF DRAWINGS

[0010] FIG. 1A illustrates how sensory data from different
sensors are captured, according to an embodiment.

[0011] FIG. 1B is a graphical illustration of adding meta-
data to collected data from each user, according to an
embodiment.

[0012] FIG. 2 illustrates a system for modelling and apply-
ing variabilities for collected audio data for each data object,
according to an embodiment.

[0013] FIG. 3A is a schematic diagram of feature extrac-
tion from the auditory data from each data object, according
to an embodiment.

[0014] FIG. 3B illustrates a process of extracting features
from raw data captured from the sensors using a neural
network, according to an embodiment.

[0015] FIG. 3C is a graphical illustration of the overall
architecture of the classifiers used in the intelligent health
monitoring system, according to an embodiment.

[0016] FIG. 4 is a graphical illustration of a classification
process, wherein the feature vector at each timestamp is fed
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to the model and outputs a probability for predetermined
symptoms, according to an embodiment.

[0017] FIG. 5 is a graphical illustration of a respiratory
event classification algorithm using a neural network,
according to an embodiment.

[0018] FIG. 6 is a graphical illustration of determining the
disease or disease state of a user based on the predicted
symptoms of the user at each timestamp using a neural
network, according to an embodiment.

[0019] FIG. 7 is a graphical illustration of the disease or
disease state determination algorithm using a neural net-
work, according to an embodiment.

[0020] FIG. 8 is a graphical illustration of determining
effectiveness of medications taken by the user at each day,
according to an embodiment.

[0021] FIG. 9 illustrates a neural network implementation
of the method described in reference to FIG. 8, according to
an embodiment.

[0022] FIGS. 10A and 10B illustrate a trigger identifica-
tion system/method, according to an embodiment.

[0023] FIG. 11 illustrates a method of determining a sleep
score of a user, according to an embodiment.

[0024] FIG. 12A illustrates a neural network implementa-
tion of the method of FIG. 11, according to an embodiment.
[0025] FIG. 12B illustrates a network for determining
sleep disorders, according to an embodiment.

[0026] FIG. 13 illustrates a feature extraction technique
for convolutional neural networks, according to an embodi-
ment.

[0027] FIG. 14 illustrates a convolutional neural network
as a classification algorithm that employs the extraction
technique of FIG. 13, according to an embodiment.

[0028] FIG. 15 illustrates a method for reducing false
alarms by increasing the precision of the algorithm
described in reference to FIG. 14, according to an embodi-
ment.

[0029] FIG. 16 illustrates a method for tracking respira-
tory health of a population, according to an embodiment.
[0030] FIG. 17 illustrates a recurrent network for predict-
ing respiratory data from time-series features, according to
an embodiment.

[0031] FIGS. 18A and 18B illustrate a method of using
generative models, such as auto encoders as classifiers,
according to an embodiment.

[0032] FIG. 19 illustrates a method of creating a mean-
ingful summary of symptoms captured by audio sensors,
according to an embodiment.

[0033] FIG. 20 illustrates a method of generating a caption
for an audio signal, according to an embodiment.

[0034] FIG. 21 illustrates a neural network that is trained
to make a decision on whether the encoding of multiple sets
of symptoms belong to the same person, according to an
embodiment.

[0035] FIG. 22 illustrates a neural network that learns
symptoms for multiple patients in a room and predicts which
patient owns a particular set of symptoms, according to an
embodiment.

[0036] FIG. 23 illustrates a neural network based feature
augmentation technique, according to an embodiment.
[0037] FIG. 24 illustrates a hearing device that goes inside
the user’s ear canal or around the user’s ear and contains
microphones close to the inner canal and outside the ear and
one or more motion sensors, according to an embodiment.
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[0038] FIG. 25 illustrates the preprocessing of audio data
and motion data to assure the data is clean and that the
audio/motion data are input to a classification algorithm at
the same rate, according to an embodiment.

[0039] FIG. 26 illustrates a convolutional neural network
(CNN) for localizing and classifying overlapping audio
events.

[0040] FIG. 27 illustrates a recurrent neural network for
determining future predictions of a user’s disease state based
on past and current data as well the predictions for future
data, according to an embodiment.

[0041] FIG. 28 illustrates a neural network for predicting
symptoms from a patient’s speech recording, according to
an embodiment.

[0042] FIG. 29 illustrates an unsupervised technique for
designing sentences that are optimized for detecting a pre-
determined set of symptoms, according to an embodiment.
[0043] FIG. 30 depicts a method for interpreting a neural
network prediction, according to an embodiment.

[0044] FIG. 31 depicts a method for generating a sentence
that describes the interpretation of a neural network predic-
tion, according to an embodiment.

DETAILED DESCRIPTION OF EXAMPLE
EMBODIMENTS

[0045] FIG. 1A illustrates how sensory data from different
sensors are captured, according to an embodiment. User 101
is shown coughing in environment 100 (e.g., the patient’s
home). Various sensors are included in the environment 100
that capture the cough. For example, a first sensor 102 is a
smartwatch which is worn on the wrist of user 101 and
includes one or more microphones and an audio subsystem
for capturing ambient sound in environment 100. A second
sensor is notebook computer 103 that includes one or more
microphones and audio subsystem for capturing the ambient
sound in the environment 100. A third sensor is a smart
speaker 103 that includes one or more microphones and an
audio subsystem for capturing the ambient sound in the
environment. In this example, all three sensors 102, 103, 104
have each captured audio of the coughing and stored the
audio in a local file system. The audio is then processed as
described in this disclosure and/or is transmitted to another
device or network for further analysis using some, or all the
techniques described herein.

[0046] In addition to sensors 102, 103, 104, fourth sensor
105 is an electronic thermometer for determining the body
temperature of the user 101, and a fifth sensor 106 is blood
pressure monitor for determining the blood pressure of the
user 101. The sensors 102, 103, 104, 105 and 106 are
examples of possible sensors that can be used with the
disclosed Al system. Other sensors can also be used by the
Al system, including but not limited to: a digital stetho-
scope, a peak flow meter, a pulse oximeter, radio frequency
transceivers, a portable ultrasound and any other sensor
capable of measuring or capturing information related to the
physical or mental health of the user 101.

[0047] FIG. 1B is a graphical illustration of how data from
different sensors are annotated for each user, according to an
embodiment. For example, a user 101 can be represented by
one data object 108 per monitoring session. The user data
object 108 can include sensory data and other user data that
can be added as metadata 107 to the user data object 108.
Examples of data 109 stored in the user data object 108,
include but are not limited to: the user’s vital information



US 2020/0146623 Al

(vital signs) at the time of monitoring, the user’s symptoms,
and sensory data collected from the user during the moni-
toring. The sensory data can include but is not limited to:
data collected from a microphone or a number of micro-
phones, digital stethoscope, peak flow meter or any other
suitable sensors. Note that not all user data referenced above
will be available for each data object at each timestamp.
Some of the user data may be discovered later through one
or more of the embodiments described herein. In an embodi-
ment, the user data object is encrypted to protect user
privacy. In addition to sensory data, the data 109 may
include but are not limited to: user ID, weight, age, symp-
toms, doctors notes, know respiratory condition, sleep qual-
ity score, sleep stages, and sleep disorders, etc.

[0048] In an embodiment, the monitoring is performed by
a health monitoring device, including but not limited to: a
smartphone, smart speaker, tablet computer, desktop com-
puter, notebook computer, wearable computer (e.g., smart
watch, fitness band) and any other suitable electronic device.
The sensors (e.g., microphones) can be embedded in or
coupled to an I/O port of the health monitoring device as an
accessory.

[0049] The health monitoring device can include one or
more processors, memory (e.g., flash memory) for storing
instructions and data, power source (e.g., a battery), wireless
connectivity (e.g., a wireless transceiver) for wirelessly
communicating with a network (e.g., the Internet, local area
network) access point (e.g., WiFi router, cell tower) or
directly with another device (e.g., Bluetooth, Near Field
Communications, RFID), a display (e.g., a display) and/or
other output devices (e.g., loudspeaker), input device(s)
(e.g., touch sensitive display, mechanical buttons, dials, etc.)
and one or more I/O ports (e.g., USB, Thunderbolt, Ethernet,
etc.) for coupling to accessory devices. In an embodiment,
one or more of the methods/processes/features described
below is at least partially implemented/performed on a
second device, such as a network server computer, compan-
ion device, medical instrument or machine that is wirelessly
coupled (or wired) to the health monitoring device.

[0050] FIG. 2 is a block diagram for modelling acoustical
and post-processing variability for collected audio data for
each data object, according to an embodiment. The augmen-
tation system depicted in FIG. 2 models variability in audio
signals captured by acoustical sensors and augments the data
objects to create realistic example data objects. The data
objects are then used to train one or more learning algo-
rithms in accordance with the example embodiments dis-
closed herein.

[0051] Inafirst step, audio data 201 from a data object 108
is collected. If the data is collected by a microphone (de-
noted as “m”), the data is augmented using an equalization
technique. The equalization technique randomly manipu-
lates the frequency response of the audio data using one or
more of a low pass, band pass, high pass or stop band filter
to simulate different microphone frequency responses,
device placement, and different acoustical environments. In
another embodiment, if the data is collected by a digital
stethoscope (denoted as “s”) then a different set of equal-
ization filters is used to augment the audio data (e.g., with a
focus on capturing device placement variability). Each audio
data may also be modified using one or more of the
following audio processes: time stretching, time compress-
ing, shifting in time, pitch shifting, adding background noise
at different ratios, adding or removing reverberation, etc.
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The augmentation described above creates many different
variations for each data object 108, wherein each variation
includes audio data that has been augmented differently than
the original recorded audio data and the other audio objects.
[0052] Since different sensors have different sampling
rates and usage they need to be pre-processed differently
before their output is fused and enters the feature extraction
stage described below. For example, a microphone sampling
rate is usually from 200 Hz to 20000 Hz and a microphone
that is operating continuously captures symptoms for every
timestamp.

[0053] A digital stethoscope, however, usually has a sam-
pling rate between 50 Hz to 2000 Hz. Because a digital
stethoscope needs to be placed on a user’s chest, lungs or
back, there may be more than one spot that needs to be
recorded. Such recordings are usually done once or twice a
day. Another use case for a digital stethoscope is described
in Adam Rao et al., “Improved Detection of Lung Fluid with
Standardized Acoustic Simulation of the Chest,” IEEE 1.
Transl. Eng. Health Med. 2018; 6: 3200107. In this paper,
the authors discuss a technique where a low frequency chirp
signal is sent through the patient’s chest and recorded
through a digital stethoscope on the patient’s back. The
recorded chirp signal can then be analyzed to find any
abnormalities and infections in the lungs that can be a sign
for a respiratory disease and possible sleep disorders. More
discussions on how data from multiple sensors are fused
follows in later sections of this disclosure.

[0054] A peak flow meter might be used once or twice a
day. The most common peak flow meters are analog. They
usually display a number representing the air flow and the
degree of obstruction in the user’s airways. This metric can
be entered manually by the user through an application and
later be added as another feature that can be used by the
system to make better and further inference. Again, such a
metric is not present for most of the day and is captured
when a user is prompted to use a peak flow meter, say every
night at 8:00 PM.

[0055] A pulse oximeter is usually available digitally and
measures a user’s oxygen saturation level. For simplicity
and the user’s comfort, the user might be prompted to
measure their oxygen saturation level only once or twice a
day or when needed. Recent developments in pulse oximeter
technology suggest that continuous pulse oxygen could be
made available through smart watches to infer a patient’s
state more accurately and with higher resolution.

[0056] Fusing different sensors is not a trivial task. Some
sensors are used more frequently than others and each sensor
could represent one or more numbers that could be on a
completely different scale. The details of a fusing mecha-
nism used in the disclosed Al system are discussed in
reference to FIG. 4. Based on the type of sensors used and
their availability at a current time-stamp, the sensors are
synced in a predetermined time-resolution. A feature vector
is created using the sensor data. The feature vector can be
sparse at a certain time-stamp depending on data availability.
The feature vector is fed to an algorithm for inference.
[0057] FIG. 3A is a schematic diagram of feature extrac-
tion from the auditory data from each user data object, as
well as feature concatenation from other sensory data,
according to an embodiment. The feature extraction method
shown at the top of FIG. 3A extracts low dimensional
features from time-domain audio signals captured by one or
more microphones and a digital stethoscope or other audi-
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tory data. The details of the feature extraction could be
different based on the sensor specification. These features
are generally much lower in dimensionality and attempts to
capture signatures from different audible symptoms. These
features are later used in a process to guide a learning
network in understanding symptoms from all user data
objects.

[0058] In an embodiment, each audio signal is analyzed
frame by frame (e.g., a consecutive group of audio samples)
(301). Each frame of the data can be anywhere between 64
milliseconds to 512 milliseconds in length to capture the
audio characteristics of one event. Fach frame can then be
divided into four or more equally spaced sub-frames based
on the frame size (302, 303). Such features can include but
are not limited to: Mel Frequency Cepstral Coeflicients
(MFCC), Discrete Cosine Transform coeflicients (DCT),
Fast Fourier Transform (FFT) coeflicients, zero crossing
rate, dynamic range, spectral flatness and spectral flux. In
some embodiments, features are extracted from the whole
frame and concatenated with the subframe feature vector.
Feature extraction is then performed on each subframe and
the resulting features are concatenated together (304, 305)
into a combined feature vector along with features from
other sensory data and other available resources, such as the
pollen count at that time-stamp from the user’s location.
[0059] Once features are extracted from the user data
objects they are used to train a neural network that detects
particular symptoms. For example, audio features at a cer-
tain time-stamp that correspond to a cough sound, along
with other current information obtained from the user data
object (e.g., weight and gender of the patient), are used in the
feature vector 305. In an embodiment, some of the infor-
mation is hot encoded, so that the information can be
mathematically represented in the feature vector (306). For
example, the gender of the patient if female can be hot coded
as “0” and if the gender is male, it can be hot coded as “1”
at a predetermined position in the feature vector.

[0060] As mentioned earlier, some of these data might be
missing. In such cases, an equalizer drop-out is applied to
the input layer of the neural network so that the neural
network learns to focus on the available information. A label
vector is also created (308) that tracks the labels correspond-
ing to a feature vector. The label vector is used later when
training parallel, cascaded, and multitask classifiers that
learn how to map features to their corresponding labels.
[0061] Two other methods were also developed for
extracting more interesting features from the auditory data in
each data object.

[0062] FIG. 3B illustrates extracting features from raw
data from the sensors using a bottle-neck convolutional
neural network (CNN), according to an embodiment. More
particularly, a method is illustrated for deriving features
from auditory data as opposed to manually designed features
discussed earlier. In the first example shown, the time
domain audio signal is passed to a neural network. During
training, the output layer of the CNN (309) represents the
concatenation of different auditory features, such as
dynamic range and zero crossing of the data. During testing,
the weights and biases from the training are fixed and the
time domain data is propagated forward through the net-
work, wherein the output layer represents the newly learned
feature vector (309).

[0063] Training a deep CNN may be computationally time
consuming and demanding. As such another method for
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extracting meaningful features could start at (309), wherein
the output feature vector has already been determined by
transforming the time domain signal to a more well-known
time-frequency representation, such as short-time Fourier
Transform (STFT), Fast Fourier Transform (FFT), Discrete
Cosine Transform (DCT), or modified DCT (MDCT).
[0064] Once a feature-like vector in the output layer of
CNN is provided (309), it is passed through a pre-trained
feedforward neural network to determine a final feature
vector (312). During training of this feedforward neural
network (309 to 310), the output layer (310) represents
manually hand-designed features, such as Mel-frequency
Cepstral Coeflicients (MFCC), FFT, Zero Crossing Rate,
Spectral Flatness, a one-hot encoded label corresponding to
the data, etc. Using backward propagation, the neural net-
work learns weights and biases that propagate the input
spectrum like feature to the manually designed feature
automatically. Once weights and biases are determined, the
middle layer of this feedforward neural network (312)
represents the final features that are extracted by the neural
network, and used to train the model. When performing
inference, only layers up to B_3 (312, highlighted by 313)
are used to extract the final features. Such neural networks
are also known as “auto-encoders,” wherein an audio signal
is first encoded to a lower dimensional feature space (312)
and then the encoded feature vector (312) 1s decoded to a
desired higher dimensional feature space. The feature
extraction scheme described above can replace the feature
extraction described in reference to FIG. 3-A.

[0065] Another advantage of the feature extraction
scheme described above is that the neural network can learn
to clean features so that the extracted features are uncorre-
lated between all classes, allowing the model to perform
more accurately. For example, features from a noisy data
(which can be achieved synthetically, 204) are the input to
the network and the labels, i.e., ground truth, are the
corresponding clean data features. Such a network learns to
denoise the data as part of the feature extraction, thus
creating features that are more robust to noise (310).
[0066] If there is more than one microphone available, a
weighted average of the microphone signals (e.g., output
from a MVDR beamformer) is fed to the feature extraction
network. In many cases, a digital stethoscope is usually
placed at upper, lower, left and right areas of the chest and
back, adding up to 8 different locations and signals. These
signals are fed to the feature extraction network, which
results in 8 feature vectors. The peak flow meter and pulse
oximeter each output one number which is directly placed in
the feature vector when available.

[0067] FIG. 3C is a graphical illustration of an example
architecture for the classifiers described in this disclosure,
according to an embodiment. In particular, FIG. 300C
depicts a general relationship between some of the classifiers
discussed in this disclosure. A symptom classifier output is
fed to a diseases classifier. A disease classifier uses a sleep
feature vector and predicted sleep disorder (discussed later)
to predict a patient’s disease or disease state. A medication
effectiveness classifier measures the effectiveness of a pre-
scription using the predicted disease or disease state and
discovered triggers.

[0068] FIG. 4 is a graphical illustration of a classification
process wherein features extracted from the raw data from
each sensor are concatenated at each timestamp along with
other features, according to an embodiment. In particular,
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FIG. 4 depicts a classification algorithm wherein a number
of features are extracted from available sensory signals
(300A, 300B) and other available features (307) and then
used as input to the classification model as mentioned
earlier. These feature vectors are then feed to a classification
algorithm (401) that predicts user’s symptoms (e.g., cough-
ing, wheezing, type of the cough if any, snoring, teeth
grinding, shortness of breath, agonal breathing, etc.) for the
user at each timestamp. In an embodiment, such a network
is first trained offline using ground truth labels and its
corresponding data, and then the parameters of the model are
fixed during inference.

[0069] In another example embodiment where the data has
been collected for a fixed period of time, the features from
future timestamps (403) are used in addition to the current
and past timestamp features. Such features are collectively
feed to a preprocessing step (404). In the preprocessing step,
the data is normalized using the mean and standard deviation
of the training dataset. As discussed earlier, since each
sensor has its own sampling rate that has a different fre-
quency, there may be missing features for most of the
timestamps. In such cases, missing data can be replaced by
predetermined or past values.

[0070] FIG. 5 is a graphical illustration of a multitask
symptom classification algorithm using a deep neural net-
work, according to an embodiment. The classification sys-
tem described in 401 is depicted in FIG. 5 as a neural
network with three hidden layers. The depicted number of
hidden layers and the size of each layer should only be
considered as examples to better understand the embodi-
ments described herein, and are not intended to limit the
scope of the claimed subject matter. The neural network
shown in FIG. 5 can have 2 or more hidden layers and the
number of units for each hidden layer can vary based on the
data presented from each sensor and available external
information. These hyperparameters are subject to change
based on the hardware, data, and desired recall and preci-
sion.

[0071] Inanembodiment, the feature vector (501) s fed to
a pre-trained feedforward neural network. The number of
units in the output layer equals the number of conditions
(503). The posterior vectors (503) are then fed to a post
processing method that predicts the most likely symptoms
(505).

[0072] The mathematical equation for the neural network
shown in FIG. 5 is depicted in Equation 1.

Y=05((3*(O(W,% (0, (W "X+, ))+D;))+b3) [1]

wherein X is the feature vector (501), Y is the output layer
containing the posterior probabilities of each possible con-
dition occurring, W, and b, are weights and biases corre-
sponding to each layer, and 6, and 6, are the relu nonlin-
earity functions applied to each unit in the first and second
hidden layers. A relu function is defined in Equation [2]:

y=max(x,0), [2]

wherein y is the output of the relu function and x is the input
function.
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[0073] 0, is a softmax function applied to the last hidden
layer as defined in Equation [3]:

wherein X, is the input vector to a softmax function.
[0074] In an embodiment, the classification system (500,
401) is trained offline using the originally labeled dataset
and the augmented dataset (204). Regularization is applied
to each layer to avoid overfitting the model to training
dataset as well as making the model robust to missing data.
To lower the computational intensity the features are quan-
tized and fed to the network in mini batches as opposed to
the whole batch at once. An example of this method is
described in (https://machinelearningmastery.com/gentle-
introduction-mini-batch-gradient-descent-configure-batch-
size/). A cross entropy loss function, such as the example
method described in (https://deepnotes.io/softmax-crossen-
tropy) between the output units (503) and the true labels is
then used. Such cost functions are then minimized using
optimizers, such as an Adam Optimizer, as described in
(https://machinelearningmastery.com/adam-optimization-
algorithm-for-deep-learning/). A cross entropy loss function
is defined in Equation 4.

loss=—2,_;”log(P, ) y

wherein p, ; refers to the probability of an observation i given
class j (i.e., the posterior vector) and y is a binary vector of
0s or 1s wherein if a class j is the correct classification for
observation i then y is set to 1 and 0 otherwise.

[0075] The weights and bias coefficients learned from
such processes are then fixed in the classification system, the
feedforward neural network, (500, 401), to predict symp-
toms for each timestamp.

[0076] As described above, a feedforward neural network
was trained in a supervised fashion using the data collected
earlier (104) to assign various labels to different combina-
tions of features. The labels output by the neural network can
include but are not limited to the severity of the symptoms,
type of the disease and the severity of the disease. In an
embodiment, a weighted average of all labels is used to
estimate a score for the overall functionality of the user’s
health for each timestamp. Such a score, though not might
not be medically meaningful, could be used as a feature
value to train further models, such as those shown in FIG. 8.
The predicted symptoms are tagged within the responsible
data objects after a verification process. Such data can be
used later to further improve the model using semi-super-
vised or weakly supervised techniques.

[0077] FIG. 6is a graphical illustration of determining the
disease or disease state of a user based on the predicted
symptoms of the user at each timestamp using a neural
network, according to an embodiment. In particular, the
method depicted in FIG. 6 describes an algorithm for
identifying the disease or the disease state based on the
predicted symptoms from FIG. 5.

[0078] In FIG. 7, the method described in FIG. 6 is
implemented using neural networks. Based on the predicted
symptoms and ground truth labels provided by a physician,
a neural network is trained that maps a patient’s symptoms
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to their disease or disease state (704). This network has one
or more hidden layers (702). The number of units in the
output layers equals to the number of diseases or disease
states. The mathematical equations for this network is shown
in Equation [5]. The post processing (703) processes the
posterior vector through a threshold as follows:

U=0,(W5*(0,(W,*Z+b)+£5) [5]

[0079] The relu activation function was used in every
hidden layer and the softmax function is applied at the final
layer. During training, dropout regularization was used in all
layers, except the first and final layer, and the Adam opti-
mizer was used to minimize the cross entropy loss function
between the ground truth labels and the predicted values.
Once a disease or disease state is determined, the user data
objects responsible for determining the disease or disease
state are also tagged with this newly available information.

[0080] FIG. 8 is a graphical illustration of determining
effectiveness of medications taken by the user at each day,
according to an embodiment. In particular, a method is
described for determining the effectiveness of medications
in suppressing symptoms or improving a disease state for a
user. This information comes from the symptom, disease
classifier and a trigger discovery method discussed later.
Since medications are not taken at every time step, the
feature vectors are marked by the time each medication was
taken to also take into account the order and the frequency
of taking each medication.

[0081] This model learns how physicians adjust a patient’s
medication given the patient’s current and past symptoms
and current disease state and its progression, when the
patient takes each medication and how frequent, the corre-
sponding symptoms and disease determinations that change
after a medication is taken for a period of time and the
predicted labels from FIG. 4 and FIG. 6. Once enough data
is collected for each patient, a model can be trained to
predict: 1) if a particular medication will be effective at
lowering patient’s symptoms and improve disease state; 2)
what time of the day a medication should be taken; and 3)
third if a medication should be taken more frequently given
the current symptoms. Some medications might have imme-
diate impact and some long term effects. In an embodiment,
models that need access to the history of the user’s labels are
modeled using LSTMs (Long Term Short Term Memory)
and recurrent neural networks as discussed later in FIG. 18.

[0082] Current disease state and its progression over time
and future predictions are fed back to the model as input
features to help predict future diseases and states more
accurately. For example, it might be more likely that a
patient with severe disease state continues being severe as
opposed to transitioning from a not so severe state. The
model keeps this progression over time and the possible
future disease state based on the past and current input
feature values, and takes the possible feature values into
account when making these predictions.

[0083] All identified triggers and potential triggers are
then fed back to any of the models discussed earlier as one
of the input features to increase the models robustness to
false alarms. For example, grass pollen might have been
identified as a trigger for a user. If a future weather predic-
tion 1s a high chance of grass pollen then the input feature
vector from the future timestamp contains the likelihood of
this possible trigger and its probability as the feature value,
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so that the model inference is adjusted to take this informa-
tion into account and help the user prevent potential symp-
toms.

[0084] FIG. 9 illustrates a neural network implementation
of the method described in reference to FIG. 8, according to
an embodiment. In particular, FIG. 9 shows an implemen-
tation of FIG. 8 method using feedforward neural networks.
Such network is trained and tested similarly to FIG. 5 and
FIG. 7. The classification model shown in FIG. 8, however,
does not take into account the user’s activities and the
possibility of a user being exposed to new triggers. That is
a user’s symptoms might have worsened not because the
medication was not effective, but because the physician
changed the user’s medication, for example due to the user
doing heavy exercise or being exposed to smoke. To avoid
such issues, the user is first prompted to identify any
possible triggers that might have affected the user’s health
and is taken into account when measuring the medication
effectiveness. Overtime the model learns how a physician
adjusts the medication based on past triggers and adjusts the
medication effectiveness if the trigger presented itself again.
[0085] FIGS. 10A and 10B illustrate a trigger identifica-
tion system/method, according to an embodiment. In par-
ticular, FIG. 10A illustrates a method for identifying triggers
when the change in the disease, disease state or the symp-
toms exceed a threshold from the user’s usual symptoms. To
compare the current symptom with a baseline symptom
vector, a distance function (e.g., Euclidean distance) is used.
If the distance between the two vectors exceeds a threshold
then the user is prompted to identify triggers that might have
contributed to the change. Once such triggers are identified,
they are tagged (in FIG. 8) to better estimate the medication
effectiveness as noted in bold text in FIG. 8. That is, a
medication effectiveness is still analyzed if a trigger discov-
ery identified earlier shows that the trigger does not affect
the medication effectiveness. The triggers are recorded for
each user to help the user keep track of activities that might
be aggravating the user’s disease state or symptoms. Once a
trigger is identified, the newly recalculated medication
effectiveness is tagged along with the trigger and the cor-
responding data object is updated with this information.
[0086] An example shown at the bottom of FIG. 10 depicts
how the system prompts the user to identify triggers if a
medication is not effective anymore to re-evaluate the case.
Trigger discovery can be a cumbersome task. It is therefore
important to lessen the burden of a trigger discovery on users
by asking a sequence of most relevant questions that would
result in the shortest path to discovering the relevant trigger.
The trigger discovery method (1001) can be trained based on
a fixed set of questions that were asked from users for a
certain period of time to improve trigger discovery process
in the future.

[0087] Other types of information metrics such Gini impu-
rity and information can also be used (e.g., CART algo-
rithm). To further minimize the path to identifying the
trigger, a decision tree is pre-filled with some of the ques-
tions at the time of testing. For example, if a user answered
ves to being outdoors then the next question, such as
whether it was raining, is pre-filled automatically using the
user’s zip code at the time of monitoring, if available. The
user can therefore skip this step and answer the next ques-
tion. In the event the system was not able to find a trigger for
the cough, the user is prompted to find the trigger manually.
This information is then used to further optimize the deci-
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sion tree. Note that discovering triggers this way would not
count as a classification task, but rather as a task of finding
which features should be requested and when to minimize
the path to identifying a trigger.

[0088] For example, consider a case where a user’s true
trigger was spending too much time outside in the rain. To
discover the possible triggers, a user might be asked if he has
had any significant outside activities. The user may then be
asked another question, such as forgetting to take medica-
tions. The user might spend over ten minutes to find out that
spending too much time in the rain was the trigger. A shorter
path to discovering rain as the trigger could have been made
after asking if a user has had significant outside activities
given the weather information can be accessed automatically
from numerous sources.

[0089] To learn which questions should be asked first and
in which order to discover triggers more quickly, a learning
algorithm such as a decision tree can be used as shown in
FIG. 20. A decision tree is first trained on a collection of data
similar to the following example: answers to a fixed set of
questions from each user in a Boolean format (e.g., 1 or 0)
along with predetermined features for each user such as a
user’s symptoms, weather for the zip code at the time of
monitoring, etc., and a label corresponding to this feature set
which is the identified trigger. Notice that throughout train-
ing one might identify that some question or predetermined
features do not add or add very little value in finding the
trigger. And since decision trees are highly interpretable
models, questions can be designed carefully to make sure the
path to identifying a trigger is as short as possible. These
questions are used as input features to the decision tree and
the final triggers are used as the output labels. During
training the features that would contribute to the lowest
uncertainty, or biggest information gain, are selected to
represent the question at that step. During testing, questions
are asked in an order that minimizes the average entropy or
the uncertainty as defined by the training process earlier.
Entropy was defined earlier in Equation 4.

[0090] FIG. 11 illustrates a method of determining a sleep
score of a user, according to an embodiment. In particular,
as shown in FIG. 11, one or more microphones can be used
to detect snoring, teeth grinding or other related audio events
(e.g., gasping for air) and an accelerometer and RF to
measure and analyzes user’s movement and respiration rate
and other sensors for measuring other related symptoms as
needed. Training a model to detect such events is similar to
the training described in reference to FIG. 4 and as shown
in FIG. 12A.

[0091] In some cases, the user’s sleep quality can be
correlated with the user’s disease state and symptoms. For
example, if the temperature in the user’s bedroom increases
the user starts coughing or showing other symptoms. In such
a case, a sleep score can be determined based on a weighted
average of user’s symptoms, so that a user can take actions
that could increase their sleep quality. To determine the sleep
quality sleep scores, a series of features that could describe
the sleep quality (i.c., a sleep quality feature vector) can be
extracted at each timestamp.

[0092] FIG. 12A illustrates a neural network implementa-
tion of the method of FIG. 11, according to an embodiment.
As shown in FIG. 12A, such method is implemented using
aneural network, where the neural network is first trained on
labeled data that are collected from users over time. Similar
to the methods shown in FIG. 5, 7, or 9, a feedforward neural
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network is trained on the labeled data that accepts features
from a number of sensors and predicts a number of features,
including but not limited to: sleep stages, audible symptoms,
excess movement, possible sleep disorders, etc. For
example, an accelerometer or an RF transceiver can be used
to detect movements in the bedroom, and a thermometer can
be used to detect the temperature in the bedroom. For
example, if the change in movements is more than a thresh-
old, then one of the elements in the feature vector is set to
1 to show the excessive movement (1103) or assign a sleep
stage (e.g., REM) based on their predicted symptoms. More
traditionally, PSG sensors such as Electroencephalography
(EEG), Electrocardiography (ECG), Electromyography
(EMG), and Electrooculography (EOG) can be used to track
a user’s brain activity, heart rhythm, muscle activity, and eye
movement respectively. PSG sensors can be used to monitor
the patient’s body, though it comes at the cost of the patient
being connected with several wires which would negatively
impact the patient’s sleep quality, which may result in less
accurate data. In addition, since the feature vector is
extracted from all sensors for each timestamp, the symptom
detection scheme discussed earlier can be expanded to detect
more vitals and symptoms that are needed for a sleep study.
Such models can be used to make PSG scoring more
efficient, accurate, and consistent help validate technicians
manual scoring.

[0093] Once a sleep quality feature vector is determined,
a sleep quality score can be determined based on a weighted
average of the feature vector (1104). However, determining
the coeflicients of such averaging is not obvious (a_i param-
eters in 1104). For example, some users might tolerate
variation in the temperature more than others and yet have
a better sleep quality. As such, a sleep quality score is a
personal score for each user. A sleep score is first determined
by the user adjusting their sleep quality score based on their
experience and a generic number determined by an algo-
rithm based on the detected symptoms. A regression model
can then be fitted to the feature-symptom space to find the
coeflicients that best fit the curve. Once a sleep quality score
is determined, the user data objects responsible for that score
are also tagged with the sleep quality score. For example, the
information is tagged in the user data object so it can be used
to better predict the user’s symptoms, disease or disease
state and their sleep quality.

[0094] FIG. 12B illustrates a network for determining
sleep disorders, according to an embodiment. In particular,
FIG. 12B depicts a method for identifying a sleep disorder
based on the sleep feature vector (1103). A neural network
is first trained on this set of features wherein the labels are
sleep disorders, such as sleep apnea and insomnia and the
corresponding type, etc. Note that a patient may be suffering
from several sleep disorders. As such, the model can be
tuned to predict a sleep disorder at every epoch (i.e., a fixed
duration of time). Such results can then be used to treat each
disorder more effectively as they may be triggered by
different causes and trend over time in different ways. The
trigger discovery scheme discussed earlier can be used to
find the cause for each sleep disorder. As discussed later, a
set of actions can be recommended to the patient based on
their symptoms and data to improve user’s sleep quality. In
an embodiment, the classifier can be modeled with a logistic
regression model or a neural network as discussed earlier.

[0095] FIG. 13 illustrates a feature extraction technique
for convolutional neural networks, according to an embodi-
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ment. In another example embodiment, the features
extracted from each sensor at each timestamp is fit into a
matrix (1305) instead of concatenated together into a feature
vector as previously described in reference to FIG. 3 (305).
An advantage of not vectorizing the features is that the
neural networks can see features from different sub-frames
in their true order. A CNN can replace any of the feedfor-
ward neural networks shown in FIGS. 5, 9, and 12. as long
as the extracted features are showing some temporal pat-
terns. For models such as the one shown in FIG. 9 wherein
sub-frames are not clearly defined, a CNN can still be used
if the past, current, and future features are fit into a matrix
wherein each column could represent a feature from a
particular timestamp.

[0096] FIG. 14 depicts a CNN as a classification algorithm
that employs the extraction technique of FIG. 13, according
to an embodiment. FIG. 14 depicts a CNN that employs the
feature extraction shown in FIG. 13. Training a CNN is done
similarly to training feedforward neural networks with the
addition of more parameters to adjust, such as striding
parameters, type and number of pooling layers, size of each
filter, etc. CNNGs are usually followed with one hidden layer,
one or more fully connected layers as the final layers, and a
softmax layer when used for classification purposes.
[0097] Almost all classification algorithms are prone to
incorrectly predicted labels that are false positives. To
suppress false positives, various heuristic and sub-heuristic
methods can be used to cover different corner cases. How-
ever, heuristic methods usually fail in practice and even hurt
the algorithm’s precision. FIG. 15 illustrates a method for
reducing false alarms by increasing the precision of the
algorithm described in reference to F1G. 14, according to an
embodiment.

[0098] Referring to FIG. 15, an additional classifier is used
that is trained with possibly different sets of features and a
different analysis window, and that uses only predicted
samples from a first classifier to detect if a prediction from
the first classifier is a true positive or a false positive (1502).
Such features may differ from the features extracted from the
first network. The timestamps of the second stage classifier
could be longer or shorter than the first stage or a combi-
nation of both, so that it can observe other aspects of the data
that were not captured in the first stage sub-frames. The
advantage of using a second classifier learning from the first
stage is that the second classifier learns what features are
generally more important and the possibility of overfitting is
lower than using manual heuristics. Such classifiers can also
learn to be more personalized for a specific user through
model concatenation. For example, one of the models can
learn what the true positives and false positives for a specific
user are and further filter the result coming from the earlier
stages.

[0099] FIG. 16 illustrates a method of tracking respiratory
health of a population, according to an embodiment. The
example embodiment discussed in FIGS. 4, 6 and 15 can
also be applied to determining the density of respiratory
events, disease or disease state for a population (e.g., stu-
dents in a classroom, people riding public transportation,
passengers in a vehicle, etc.). For example, consider the
scenario where a number of sensory arrays (1601) are
collecting audio data in a classroom from different spots
(1602) in the room through beamforming techniques, such
as the techniques described in (http://externe.emt.inrs.ca/
users/benesty/papers/aslp_mar2007.pdf), wherein each
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array is only monitoring one fixed location and no other
locations. If the number of respiratory events (or the severity
of the disease or the disease state corresponding to users in
that location predicted by one of the mentioned methods)
exceeds a certain threshold at a certain location in the room
(e.g., 1602), then an authority can be informed to monitor
the situation more closely to avoid spreading a respiratory
disease (e.g., the flu) in the whole classroom or even
throughout the school and surrounding community. In
another example, if the number of respiratory events from a
certain location have not passed a predetermined threshold
but corresponds to a certain infectious disease, then the
authority is informed to investigate the situation further.
Such information, in addition to other collected data such as
the time of day, weather, or any particular event happening,
provides valuable information to the authorities that can be
used to prevent the spread of respiratory diseases, such as
flu, cold, etc. Such information can also be used to monitor
the trends of respiratory diseases from different locations, so
that authorities can prioritize actions appropriately.

[0100] In another embodiment, sensors embedded in a
vehicle such as microphones and other external sensors
(e.g., a camera facing the driver and the passengers) can be
used to monitor the driver’s health and passenger safety by
monitoring the driver’s attention to the road. This not only
provides additional useful information about the patient’s
respiratory health in a different environment, but it is also
helpful in predicting strokes and seizures in patients with
previous incidents. A patient can be alerted about a possible
incoming stroke or seizure attack if an abnormal breathing
pattern related to such attacks is detected, and take actions
as needed. As such, the collected data from the sensors can
be connected to any of the former schemes described above
for feature extraction and any of the former models
described above can be expanded to predict more symptoms
and diseases as well as the driver’s attention to the road.

[0101] FIG. 17 shows a recurrent network for predicting
symptoms from a sequence of data according to an embodi-
ment. In particular, FIG. 17 depicts a recurrent neural
network (RNN) for predicting respiratory or sleep abnor-
malities based on the features extracted from FIG. 13 or FIG.
3A/B from each timestamp. The layers in the bottom (1701)
of this figure represent these features rolled in time. Layers
labeled Z'1 (1702) can be set to any memory units such as
Long Short-Term Memory (LSTM) or Gated Recurrent
Units (GRUs). Only one recurrent hidden layer was used to
train this example RNN, as training RNN with over one
hidden layer is computationally expensive. A deeper feed-
forward neural network, however, can be used as a final
layer to predict labels, where the labels are set during
training when a symptom starts and unset when the symp-
tom ends. This type of RNN network is an example of a
many-inputs-to-many-outputs architecture. A many-inputs-
to-one-output sequence can also be designed, wherein the
label is only set once for each corresponding symptoms. As
mentioned earlier for the previous feedforward neural net-
works, an RNN model is first trained offline using back
propagation. Once the model is trained, parameters are fixed
during inference. In another embodiment, the input feature
can be compressed using a one dimensional convolutional
neural network before entering the memory cells as it
decorrelates input features further and adjust label vector
dimensionalities to any desired value.
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[0102] FIGS. 18A and 18B illustrate a method of using
generative models such as autoencoders as classifiers,
according to an embodiment. In another embodiment, auto-
encoders are used as a generative model for classifying
symptoms. Several autoencoders can be trained for different
classes, such as speech, coughs, wheezing, noise, crying,
etc. As depicted in FIG. 18A an autoencoder (1802) is
trained on a feature vector corresponding to an input data
and a target label (1803). Once such autoencoders are
trained, they can be applied to segments wherein the previ-
ous classifier was uncertain about. The distance between the
output of these classifiers is then measured as shown in FIG.
18B. For example, consider a segment passed through a
cough autoencoder and resulting in a large distance, more
than a predetermined threshold, between the input and the
target. That means the autoencoder is unable to generate that
segment and therefore it is most likely not a cough. Since
there can be several autoencoders, a decision tree can be
trained to identify which auto encoder and in which order
they should be applied to verify the true label of segments
more efficiently.

[0103] Any of the previously discussed models can also be
improved with the newly found data about the user, e.g.,
user’s symptoms severity on rainy days. To improve an
existing model, most of the layers except the last few layers
are fixed as they tend to capture more high level and data
specific features. Such technique is also known as “transfer
learning” in the literature and is used often when the quantity
of the data is not enough, but an existing model can be
adapted to learn from a smaller dataset by “personalizing the
model” to that dataset while taking advantage of the previ-
ous model learnt lower-level features.

[0104] FIG. 19 illustrates a method for creating a mean-
ingful summary of symptoms captured by audio sensors as
an evidence to a user, according to an embodiment. As
discussed in the background, listening to audio signals
captured by different sensors can be useful to a physician in
making a decision about symptoms, disease or disease state
as well gaining user’s trust that the model prediction is
accurate. However, listening to hours or even several min-
utes of audio is inefficient and won’t do any good in practice.
In an embodiment, the predicted audio corresponding to
each sensor and symptom is passed through a second
classifier with higher thresholds, so that only a smaller yet
diversified portion of the collected audio signal is presented
as a summary of all audio recording for a particular symp-
tom as shown in FIG. 19. A physician may also filter a
current sound bite for a specific symptom by the disease or
the disease state, time of occurrence, type of sound event,
etc. to create the desired audio bite (1901) that is most
representative of what the physician’s hypothesis. For
example, in FIG. 6 if the disease state was determined to be
uncontrolled, new metadata is added to the data object (104)
as an uncontrolled disease. As such, when concatenating the
audio recording in FIG. 19 these metadata are used to filter
the sound bite further.

[0105] FIG. 20 illustrates a method of generating a caption
for an audiobite. In another embodiment, a classification
scheme such as DNN or CNN can be used to encode an
audio signal to a descriptive feature vector (i.e., the extracted
features from the audio signal e.g., A; in FIG. §, B, in FIG.
14). Such an audio captioning system is depicted in FIG. 20.
Once a feature vector is produced (2000), it can be fed to an
RNN (or LSTMs, GRUs, or a Connectionist Temporal
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Classification (CTC)), which produces a caption describing
the content of the audio signal (2001). Such a model is
trained on descriptive features as an input to the model and
a sentence provided by a physician or an annotator describ-
ing the content of the feature using a recurrent neural
network. A technique was previously applied to image
captioning in Oriol Vinayls paper, et. al., “Show and Tell: A
Neural Image Caption Generator.” In this paper, the labels
contained descriptions of the image and where different
objects are located. For audio signals, and more specifically
audible events, the caption could, for example, describe the
patient’s lungs. An example caption could read: “This breath
sound seems to be a bronchi in most of the recording; a harsh
sound representing sputum in the upper respiratory tract.”
(2002). As another example, such systems could be used to
warn authorities. An example caption could read: “a younger
female screaming and asking for help.” Such audio data can
be described by multiple physicians to provide additional
labels for each audio signal. An RNN (or LSTM/GRU
network) can then be trained on these labels to generate such
captions for new audio data based on the encoded feature.

[0106] In another embodiment, personalized detection of
symptoms can be used where no/minimum data from one
patient is available. Consider an example scenario where
multiple patients with symptoms are in a room with one
monitoring device. The goal is to monitor all patients using
one device. There are multiple problems that can present
themselves in this scenario. The monitoring device is lis-
tening to all sounds and does not use any spatial cues that
can localize the patients using techniques such as beam-
forming as they are statistical models with their own limi-
tations. The number of patients in the room can also change
and the algorithm needs to adapt to incoming patients. To
make this matter more difficult, a new patient might only
have a few data samples which makes it hard to train a large
networks that performs multi-class classifications on the
same symptom uttered by different patient wherein the
contents of classes are very similar to each other, e.g., class
one represents patient A coughs and class two patient B
coughs. The proposed personalized detection of symptoms
can tackle all these problems using one monitoring device
using only one microphone.

[0107] Referring to FIG. 21, a network (2100) is trained
that makes the decision on whether the encoding of symp-
toms shown as A (2101) belongs to the person with the
encoding of symptom B (2102). As shown in Equation [6],
the network predicts y=1 if the symptoms belong to the same
person and 0 otherwise, wherein o is the sigmoid function,
and k is the training example k and i refers to the element i
in the encoding vector.

Y=O(Z TV (d'=B)+b). [6]

[0108] In order for this network to converge, the choice of
encoding is an important choice. These encodings can be
learned from the neural network using techniques such as
one-shot learning or Siamese network. In such networks,
there are three inputs, a reference respiratory sample, a
positive sample from the same person, and negative samples
from a different person which has similar characteristics to
the reference person but that originated from a different
person. The output of this network is an encoding vector that
represents the features of the reference person’s symptoms.
A nice property of this feature is that it is maximally
discriminated from the same symptoms originated from a
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different person yet clustered closely with the ones from the
same person. Such network can be trained on a loss function
which is the addition of the difference between norm 2
distance between the reference and positive example from
the norm 2 distance between the reference and the negative
example as shown in Equation 7:

LREN=(FR)~Ap)lb>+IAR)~AN |5 +01,0), 7

[0109] wherein R, A, and N stand for reference, positive,
and negative examples, respectively, f denotes the encoding
of the samples found from the encoding layer and a is a
constant set to 0.4 to avoid the loss function from creating
zero embedding vectors.

[0110] The mentioned techniques implemented by Equa-
tion 6 and 7 tackle the aforementioned issues as follows. A
few dozens of samples from each patient is used to predict
(using Equation 6) an embedding vector for each patient and
then a similarity function is learned (using Equation 7) by
minimizing a loss function for a symptoms that belongs to
the same patient and those that are not. As such this network
learns the difference between patient’s symptoms and can
track their symptoms individually as shown in FIG. 22.
[0111] Referring to FIG. 23, an augmentation techniques
for creating realistic, but synthesized features is shown. For
example, consider a feature vector describing a 5 years old
female cough sound. This feature can be augmented using
the proposed technique to describe the patient’s cough sound
when the patient is in pain, in a noisy environment, or far
from the monitoring device. This feature can also be trans-
formed to describe another patient who might be of a
different gender, age, or have a different disease. To describe
the feature augmentation technique, consider an example
where the features consider an audible symptom represented
in a time-frequency domain with a grid size 64 by 500 for
every one second of data. Note that the disclosed feature
augmentation technique is not limited to time-frequency grid
representations or the audio recordings.

[0112] Now, consider the same patient speaking in a noisy
and reverberant environment which describes the desired
semantic in a noisy and reverberation effects. The goal is to
create an alternative feature from the cough sound feature
that represents the patient coughing in a noisy and rever-
berant environment using the patient’s speech sound in the
noisy and reverberant environment.

[0113] To do this, a pre-trained network, such as the
VGG-ish Model trained on audio events (https:/github.com/
tensorflow/models/tree/master/research/audioset) or the net-
work explained in FIG. 14 earlier, is used to extract content
and semantics from the features, in this case, the features are
audio features.

[0114] We now define two cost functions that are used to
train a convolutional neural network that generates the
desired feature. The first one is a content cost function as
shown in Equation 8:

JeoneendContent,Generated)=(4*x %1 5 1 ) 7152y
(@=a%), 8]

[0115] wherein ng, 0y, n, represent the dimensions of a
predetermined hidden layer from the pre-trained netwark, a“
represents the output in response to activation from one of
the middle layers when the content image has forward
propagated through the pre-trained network and a“ repre-
sents the output from the same activation layer from the
forward propagated generated spectrogram (e.g., this can be
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a white noise spectrogram of size 64 by 500 or perhaps a
better initialization based on the desired generated sound).
[0116] The second cost function is a semantic cost func-
tion described in Equation 9:

Jeoremic(Semantic,Generated)=(4%n2 %171, 2)”

1¥2705,(Gr, -G, 0P, [9]
wherein Gr is a gram matrix that is calculated by taking the
dot product of the reshaped activation function with its
transpose wherein the size of the first matrix is n. by n;*ny-
and the second matrix is ng*n, by n.. The gram matrix
measures the correlation of filters from the output of the
activation function on a specific layer (or weighted average
of multiple layers) that, in this example, would represent the
semantic of the audio feature. It is important to note that the
choice of the example audio that represents the semantic is
important in creating a realistic feature. The gram matrices
for the semantic and generated audio features are calculated
by forward propagating them through the pre-trained net-
work. The final cost function is a weighted sum of the
content and semantic cost functions as shown in Equation
10:

Jo(Generated)=*J cpiend C GHB™ crmancic S, G- [10]

[0117] Once the content and semantic features are forward
propagated through the network and the cost function is
determined, the initial generated feature (i.e., random noise)
is propagated through the network given I ,...sTsomasics
and J; as cost functions wherein the generated feature is
updated at every step until convergence criterion is met by
selecting the input feature to the pre-trained model as the
output feature.

[0118] Referring to FIG. 24, a device (2400) is shown that
goes inside the user’s ear canal (e.g., earbuds) or around the
user’s ear (e.g., headset) and contains microphones close to
the inner canal and outside the ear, a motion sensor, among
other sensors to track heart rate, oxygen level, etc. These
sensors work together to monitor the patient’s symptoms
when the patient does not have access to a far field moni-
toring device. Using two microphone arrays, one inside the
ear and one outside the ear, allows sounds to be detected that
are barely audible to naked ears, such as wheezing captured
by the inner microphone, teeth grinding, and sleep disorder
symptoms such as snoring. Another purpose of the device is
to detect the respiratory rate of the user which can help
detect symptoms such as breathlessness. An additional
advantage of using multiple microphones is that the outer
microphone can be used to record ambient sounds which can
be used to denoise the audio signals to assure that a clean
audio signal is recorded.

[0119] This device 2400 is advantageous compared to
other wearables as the noise induced by clothing or move-
ments is minimal. The data collected from the microphone
and other sensors can be fused and trained to predict
different symptoms. The fusion of microphones and motion
sensors can help in reducing false alarms. For example, if the
motion sensor does not detect movement of the user when
the user coughs, the cough may be rejected as background
noise since no motion was detected. Any of the schemes
discussed earlier can be applied here as well, such as the
schemes described in reference to FIGS. 4 and 5.

[0120] In an embodiment, the preprocessing (2501) of the
sensory signals might be done on each individual sensor as
shown in FIG. 25. Once the features are preprocessed, they
are fed to a classification algorithm (401) (FIG. 4) to predict
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the symptoms with higher precision and recall. In an
embodiment, the classification algorithm might use an addi-
tional regularization on the input feature layer to account for
missing values at different timestamps.

[0121] In an embodiment, sensors can be synchronized
using an activation signal. For example, a microphone
samples pressure in 44.1 kHz rate and a gyroscope sensor
output data rate could be 2000 Hz. The sensors can be
synchronized by adding redundant data for the sensor with
less resolution or downsample the sensor data to the lowest
data rate of the sensors. Because different sensors capture
different types of data, an activation signal, such as sending
a shockwave to the device and synchronize all sensors by
undoing the time delay from the received signal.

[0122] In another embodiment, audible symptoms are
detected along with other sound events that may be occur-
ring within the same analysis window. i.e., overlapping in
time. Referring to FIG. 26, a time-frequency representation
of an audio signal such as a spectrogram is shown. It is
possible to detect multiple sound events within the same
analysis window such as speech, television sound, cough,
kitchen noise, etc. Due to the resolution of the analysis
window, a classifier may not be able to detect all three events
and thus likely misclassify the audio segment being ana-
lyzed.

[0123] To address this issue, a predetermined variations of
time-frequency windows can be defined that are optimized
to detect a certain sound events (2601). Data is annotated in
the time-frequency domain (2602) by assigning the time-
frequency bins (e.g., comparing the boundaries of the cur-
rent analysis window) for a certain sound to the closest grid
box. Once data is annotated, a convolutional neural network
can be trained to map the spectrogram to a lower resolution
spectrogram, wherein each element in the target corresponds
to one grid box in the input sound (2603). Careful consid-
eration should be made in designing the CNN architecture to
achieve this correspondence between the input and target. In
an embodiment, the target tensor is a four-dimensional array
(with dimensions as frequency, time, number of features and
number of windows). For easier visualization, the last two
dimensions can be flattened out so that each element of the
target matrix is a matrix itself (2604). This matrix contains
features for each predetermined window and grid box. This
feature vector can contain information such as whether there
is an audio event in this grid box, and if there is, which class
does it belong to. The class label will then belong to the
maximum class confidence value over all windows and
classes for a specific grid box. One can further prune
overlapping windows using techniques such as non-maxi-
mum suppression. Once the network is trained it can be used
to predict the labels for several classes for each grid box
even if sound events partially overlap in time or frequency
dimensions.

[0124] Inanembodiment, a user’s future disease state over
a span of several days can be determined based on several
features such as current and past symptoms, current and past
weather conditions and future predictions of user’s health
condition, user’s past and current compliance, etc. The user
can be advised to take certain actions based on future
diseases state to prevent a potential illness. For example, two
sets of predictions can be made wherein the probability of
the disease state is determined for example if the user would
continue not complying with the suggested actions and
another if the user would comply. As such a user can take
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suggested actions based on the future predictions. Such
predictions could help the user identify triggers and encour-
age compliance through forming good habits.

[0125] Referring to FIG. 27, a recurrent network is shown
that can model future predictions of a user’s disease state.
For simplicity a one layer LSTM cell is used, however as can
be appreciated by those with ordinary skill in the art, this
network can be made deeper by adding feedforward network
and softmax layers at the output of the LSTM cells, multiple
LSTM layers may also be added in parallel, GRU cell can
replace LSTM cells, etc. LSTM or GRU cells can learn to
keep or forget information from the past to determine the
disease state of the user with more certainty using the
information collected from the past and current, as well as
network predictions. The feature vector (2703) could con-
tain information such as symptoms, weather conditions,
compliance, etc. The internal state (2702) and the previous
output can be initialized by random values at the beginning
of time. The prediction vector containing the disease state
and other useful predictions from each time stamp is fed to
the next cell along with the current feature vector (2701). If
some of the feature vector elements do not exist, such as
user’s symptoms in the future, they can be replaced by the
user’s current features or left blank (2705). In many cases,
the future time stamp would contain soft likelihoods of
potential triggers, and predicted disease state based on the
user’s compliance, past and current disease state, etc. to
better account for what the user will actually experience in
the future to help prevent, prepare, or educate the user for
likely upcoming scenarios.

[0126] In an embodiment, a summary of each patient is
created and put into a profile as they are monitored over a
certain period of time. This profile can contain but is not
limited to information, such as the user’s age, disease
progress, compliance with the service, taking medication on
time, user’s zip code, triggers, treatment plan, respiratory
health, etc. Patients are then clustered into a few predeter-
mined categories based on one or more of this information
to enhance the user’s experience and keep them engaged at
all times. For example, users that have high compliance and
are under the same treatment plan might get clustered into
one group. These users are then assigned to a human coach
and may be provided with similar practices and guidelines.
For example, patients with similar respiratory symptoms (or
experiencing a similar level of stress because of their
condition) and treatment compliance assigned to the same
category may receive the same recommendation for medi-
cations or the patients categorized in the same location may
receive the same recommendation to avoid a trigger. This
can help the human coach to monitor more patients at the
same time as patients in that group could have similar
interests, characteristics, or symptoms. Such clustering can
be done in an unsupervised or supervised manner and can
result in new insights that might not have been possible to
find without having access to user’s profiles over time. The
data of users who get clustered into a specific group can be
used to train a model that is more personalized to that group
by adapting the detection model on that set of data using
techniques, such as transfer learning or manually adjusting
the model’s parameters. This will assure a higher specificity
and sensitivity when detecting symptoms.

[0127] Inanembodiment, a patient’s speech is analyzed to
detect a disease related symptom(s). Consider the following
example: a patient is prompted to read a sentence while an
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electronic device is recording the patient. Such a sentence
could for example contain several vowels and consonants
wherein a patient who is experiencing breathlessness might
have trouble reading. For example, consider the sentence,
“She had your frosty white suit in greasy hot wash water all
afternoon,” with several vowels and consonants one after
another. To train an AT algorithm to detect a symptom from
the recorded sentence the patient is requested to record a
given sentence on a periodic basis while in the background
a patient’s symptoms are tagged through sensory data. A
neural network is then trained with patient’s speech record-
ings as the input and the corresponding symptoms as the
output as shown in FIG. 28. Such network can also be used
in conjunction with sensory data as a prior information to
make more accurate decisions about patient’s symptoms,
disease state, etc.

[0128] In another embodiment, a method is described to
design speech stimuli that would detect and emphasize an
existing symptom in a patient. There are two groups of data:
patient’s speech where no symptoms were detected, i.e.,
anchor signals and any other speech recordings that corre-
sponded to a particular symptom(s), i.e., symptom signal.
For example, it might be a case for a patient that vowels are
harder to pronounce when the patient is short of breath.
Therefore, if a patient is prompted to read a sentence that
contains many vowels, then the anchor signal and the
symptom signal would have very different pronunciation of
the vowels. Therefore, it can be inferred that a sentence with
more vowels could directly reveal this existing symptoms. A
new sentence can also be designed to detect other disease-
related symptoms of the user that wasn’t discovered by the
first sentence, i.e., the second sentence is designed based on
the neural network prediction on the first sentence. To design
such sentences an unsupervised technique can be used to
cluster features extracted from the anchor and the symptom
signals, wherein, features could represent vowels, conso-
nants, or the transition from a vowel to a consonant, etc. The
features that get clustered closer to the anchor signal cen-
troid can be interpreted as not important for conveying the
symptom. A simple example is illustrated in FIG. 29 to
demonstrate how such decisions can be inferred. This is not
to limit the scope of this embodiment as it can be appreciated
by a skilled in the art a soft clustering in higher dimensions
with a more sophisticated measure of similarity would
provide a more robust prediction. A downside of clustering
can be that a patient might have a similar difficulty with
different symptoms. As such a second stage classification
can be used to further prune patient’s pronunciation of a
sentence into different symptom labels.

[0129] In another embodiment, a method is described to
interpret why the Al algorithms have made a certain decision
or symptom prediction to help physician and the patient
understand the result and further gain user’s trust. To further
motivate this method consider this example wherein the
algorithm has determined that severe asthma is likely as the
inference of one of the discussed neural networks indicate.
To interpret why an algorithm made such predictions one
approach is to analyze and track the weighted average of the
activation functions from different input features from
selected layers. Consider FIG. 30 wherein the feature,
weights, and activation values for selected layers are visu-
alized for a given input feature. To understand how much a
feature value affects the final prediction, the weights from
the input feature is traced to the final prediction. One of the
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reasons deep neural networks are harder to explain and are
known to be a “black box” is because the weights from one
neuron connects to every other neuron in the next layer and
a simple look at the histogram’s weights might not be
sufficient to explain why a certain output target was more
likely than others. As depicted in 3001 the weights origi-
nating from one of the input features can be easily tracked
to any neurons in the second layer. Assume that the first layer
is the input feature vector denoted as X, =[x, X, . . . |, the
second layer was the final output layer and the fifth element
in the second layer is the most likely prediction, n,s. The
weights from the first neuron in the input feature vector as
W =W 51, Wyass Wpas, - - - | Wherein the most significant
digit denotes the neuron index at the second layer. For
simplicity, the non-linear activation functions can be
ignored. The goal here is to find the X s that impacted the
decision n,5 the most and therefore explains why the net-
work predicted severe asthma, e.g., if the audio features
have a higher impact than the network predicted because of
overnight audible recordings. Note that the same procedure
can also be used to explain why the network predicted that
an outcome is unlikely.

[0130] In the two layer network discussed above simply
sorting the values of W12*X1 over each input feature would
identify the feature vectors that affected each output label the
most. This process can be extended to more layers by
keeping track of the input feature elements impact on each
layer. To find the most impactful input feature vector, the
weights connected to the output label are backtracked. For
example, once the most impactful neuron at the layer next to
the final layer is determined, then the same process can be
done to find the neuron that was most impactful for the layer
before it. This process is repeated until the input feature(s)
that impacted the network decision are determined through
recursion as shown in Bquation 11 wherein f;_, = corre-
sponds the most impactful element in layer [-1 for neuron
k at layer L.

Sromargmax, (W gy pX). [11]

[0131] Once the most impact score neuron(s) are deter-
mined there are multiple ways to interpret and communicate
the interpretations to a user. Impact score can be calculated
for each input neuron by sorting all input features based on
their impact value on a predetermined prediction and assign
a soft value denoted as their impact score to each neuron that
describes their contribution to that prediction.

[0132] In an embodiment, a table of interpretations is
prepared for different scenarios, so that the most likely
scenarios can be looked-up in the table based on the pre-
dicted most impactful neuron(s). Another approach is to
create a dataset describing decisions made by the network
with a sentence, e.g., “Network has classified the patient in
severe category because it will be raining tomorrow and that
will exacerbate the user’s symptoms.” This sentence is
provided by an annotator who is manually interpreting the
Al decision based on the feature impact score. This dataset
now contains the ranking of the input feature based on their
impact score described earlier as input to the network and
the sentences as the label. A network similar to those
networks shown in FIGS. 20 and 27 can then be trained on
this dataset that interprets the network’s prediction by gen-
erating a sentence as shown in FIG. 31.

[0133] Example embodiments disclosed include tech-
niques for determining the symptoms, disease or a disease



US 2020/0146623 Al

state of a patient based on observed (i.e., captured through
multimodal sensors) and reported data obtained continu-
ously in real-time or when prompted, such as uncontrolled
asthma, sleep disorders, respiratory conditions, and other
diseases.

[0134] Example embodiments disclosed herein can be
employed to track and detect symptoms that can include but
are not limited to coughs, wheezing, snoring, teeth grinding,
etc., wherein data is collected from sensors and non-sensory
data, such as an air quality index for the location where the
patient resides, weather conditions, patient body tempera-
ture, the user’s manual data entry, transcription from a
discussion with a coach, etc., and predicted data in the future
and available information from the past. Sensory data is
monitored continuously using devices such as microphones
found in handheld devices, smart speakers, or when
prompted using a digital stethoscope, peak flow meter,
and/or thermometer.

[0135] Example embodiments described herein include a
method wherein a microphone or a set of microphones are
used to gather relevant auditory information from a user
which is then feed to classification algorithms to determine
a user’s health, sleeping quality, etc.

[0136] Example embodiments disclosed herein include
techniques for detecting a disease or monitoring a disease
state based on multimodal sensory and non-sensory data,
wherein the trend of the disease state overtime can deter-
mine the effectiveness of the medications.

[0137] Example embodiments disclosed herein include
methods wherein room acoustics, devices post-processing,
and other variabilities of a specific audio signal, such as
equalization, noise, etc., are modelled through signal pro-
cessing and machine learning techniques to create more
realistic synthesized recordings of an auditory event as well
as techniques for augmenting sensory features using con-
volutional neural networks.

[0138] Example embodiments disclosed herein include a
method wherein a sound captured by one or more micro-
phones is classified as a symptom in real-time.

[0139] Example embodiments disclosed herein include a
method wherein a second classification algorithm is cas-
caded to a first classification algorithm to detect true posi-
tives from false positives. The goal of the additional clas-
sifiers is to reduce false positives and improve the
classification precision and accuracy, as well as personaliz-
ing the model for specific conditions.

[0140] Example embodiments disclosed herein include a
method wherein an event classifier model is adapted peri-
odically based on the data collected from users over time.
Such adaptation helps in suppressing false alarms as well as
personalizing a model that learns a user’s habits and envi-
ronment through model adaptation and suggest better
actions to prevent illnesses in the future.

[0141] Example embodiments disclosed herein include a
method wherein a dynamic audio summary (e.g., an audio
bite) is created and presented to a physician to help identify
possible causes of the symptom, disease, disease state, etc.
[0142] Example embodiments disclosed herein include a
method for discovering potential triggers that may cause a
change in the user’s symptoms, disease, or disease state.
[0143] Example embodiments disclosed herein include a
method wherein content and semantic audio data are used to
generate a new audio feature that represents the content
audio data generated with the semantic audio data style.

May 14, 2020

[0144] Example embodiments disclosed herein include a
method wherein several profiles are generated for patients,
wherein each patient profile describes a category of patients
with similar recommended action plans.

[0145] Example embodiments disclosed herein include a
method wherein a desired, an anchor, and a negative audio
event generate a feature for the desired audio event.
[0146] Example embodiments disclosed herein include a
device that is inserted or worn around the ear. The device
contains microphones outside and inside the ear canal as
well sensors to monitor motion, pulse oxygen sensor, and
heart rate sensor that measure’s user vitals and motions
during an abnormal event, such as a respiratory event,
falling, moaning in pain, etc.

[0147] Example embodiments disclosed herein include a
method determining boundaries of an audio event in a
time-frequency representation by training a convolutional
neural network on several audio data with a set of analysis
windows.

[0148] Example embodiments disclosed herein include a
method for recommending actions to users to prevent symp-
toms or disease severity by predicting user’s future states
using LSTM/GRU networks.

[0149] Example embodiments disclosed herein include
designing a sentence to effectively predict a user’s symp-
toms using only the user’s speech utterance.

[0150] Example embodiments disclosed herein include a
method for interpreting Al algorithm decision making and
conversing the results in words.

[0151] Specifically, in accordance with any of the example
embodiments, the processes described above regarding
FIGS. 1-27 may be implemented as a computer program
product including a computer program tangibly embodied
on a machine-readable medium and the computer program
including program code for performing the method 801.
Generally, various example embodiments disclosed herein
may be implemented in hardware or special purpose circuits,
software, logic or any combination thereof. Some aspects
may be implemented in hardware, while other aspects may
be implemented in firmware or software which may be
executed by a controller, microprocessor or other computing
device.

[0152] While various aspects of the example embodiments
of the present invention are illustrated and described as
block diagrams, flowcharts, or using some other pictorial
representation, it will be appreciated that the blocks, appa-
ratus, systems, techniques or methods described herein may
be implemented in, as non-limiting examples, hardware,
software, firmware, special purpose circuits or logic, general
purpose hardware or controller, or other computing devices,
or some combination thereof.

[0153] Additionally, various blocks shown in the flow-
charts may be viewed as method steps, and/or as operations
that result from operation of computer program code, and/or
as a plurality of coupled logic circuit elements constructed
to carry out the associated function(s). For example,
embodiments disclosed herein include a computer program
product comprising a computer program tangibly embodied
on a machine readable medium, in which the computer
program containing program codes configured to carry out
the methods as described above.

[0154] Inthe context of the disclosure, a machine readable
medium may be any tangible medium that may contain, or
store, a program for use by or in connection with an



US 2020/0146623 Al

instruction execution system, apparatus, or device. The
machine readable medium may be a machine readable
storage medium. A machine readable medium may include
but is not limited to an electronic, magnetic, optical, elec-
tromagnetic, infrared, or semiconductor system, apparatus,
or device, or any suitable combination of the foregoing.
More specific examples of the machine readable storage
medium would include an electrical connection having one
or more wires, a portable computer diskette, a hard disk, a
random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory
(EPROM or Flash memory), an optical fiber, a portable
compact disc read-only memory (CD-ROM), an optical
storage device, a magnetic storage device, or any suitable
combination of the foregoing.

[0155] Computer program code for carrying out the dis-
closed embodiments may be written in any combination of
one or more programming languages. These computer pro-
gram codes may be provided to a processor of a general
purpose computer, special purpose computer, or other pro-
grammable data processing apparatus, such that the program
code, when executed by the processor of the computer or
other programmable data processing apparatus, cause the
functions/operations specified in the flowcharts and/or block
diagrams to be implemented. The program code may
execute entirely on a computer, partly on the computer, as a
stand-alone software package, partly on the computer and
partly on a remote computer or entirely on the remote
computer or server.

[0156] Further, while operations are depicted in a particu-
lar order, this should not be understood as requiring that such
operations be performed in the particular order shown or in
sequential order, or that all illustrated operations be per-
formed, to achieve desirable results. In certain circum-
stances, multitasking and parallel processing may be advan-
tageous. Likewise, while several specific implementation
details are contained in the above discussions, these should
not be construed as limitations on the scope of any inven-
tion, or of what may be claimed, but rather as descriptions
of features that may be specific to particular embodiments of
particular inventions. Certain features that are described in
this specification in the context of separate embodiments
may also may be implemented in combination in a single
embodiment. Conversely, various features that are described
in the context of a single embodiment may also may be
implemented in multiple embodiments separately or in any
stitable sub-combination.

[0157] Various modifications, adaptations to the foregoing
example embodiments disclosed herein may become appat-
ent to those skilled in the relevant art in view of the
foregoing description, when read in conjunction with the
accompanying drawings. Any and all modifications will still
fall within the scope of the non-limiting and example
embodiments of this invention. Furthermore, other embodi-
ments not disclosed herein will come to mind to one skilled
in the art as having the benefit of the teachings presented in
the foregoing descriptions and the drawings.

1. A method comprising:

capturing, using one or more sensors of a device, signals
including information about a user’s symptoms;

using one or more processors of the device to:

collect other data correlative of symptoms experienced
by the user;
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determine, using a symptom classifier with the signals
and the other data as input, one or more symptoms of
the user;

determine, using a disease classifier with the one or
more symptoms and one or more sleep features as
input, a disease or disease state of the user;

determine, using a medication effectiveness classifier
with the disease or disease state as input, a medica-
tion effectiveness in suppressing the one or more
symptoms or improving the disease state of the user;
and

presenting, using an output device, data for the one or
more symptoms, the disease, the disease state, or an
indication of the medication effectiveness for the
user.

2. The method of claim 1, wherein the other data correla-
tive of symptoms experienced by the user includes at least
one of vital information or physical characteristics of the
user.

3. The method of claim 1, wherein the one or more sensors
includes at least one of a microphone, a peripheral capillary
oxygen saturation (SPO2) sensor, a heart rate sensor, an
accelerometer, a gyroscope or a matiress sensor.

4. The method of claim 3, wherein the one or more sensors
includes one or more microphones, the method further
comprising:

capturing, using the one or more microphones, an audio

signal indicative of the one or more symptoms of the
user;

augmenting the audio signal by adjusting one or more

frequencies of the audio signal;

extracting one or more features from a frame or subframe

of the augmented audio signal; and

using the extracted features to train the symptom classi-

fier, the disease classifier and the medication effective-
ness classifier.

5. The method of claim 4, wherein augmenting the signal
includes changing one or more characteristics of the signal.

6. The method of claim 4, wherein extracting one or more
features from the frame or subframe of the audio signal
comprises calculating from the frame or subframe at least
one of Mel Frequency Cepstral Coeflicients (MFCC), Dis-
crete Cosine Transform (DCT) coefficients, Fast Fourier
Transform (FFT) coefficients, zero crossing rate, dynamic
range, spectral flatness, spectral flux or self-learned autoen-
coder features.

7. (canceled)

8. The method of claim 1, wherein the symptom, disease
and medication effectiveness classifiets are convolutional
neural networks.

9. (canceled)

10. (canceled)

11. The method of claim 1, wherein the one or more sleep
features are input into a sleep disorder classifier, and the
output of the sleep disorder classifier is input into the disease
classifier.

12. The method of claim 1, wherein the output of the
disease classifier is input into the medication effectiveness
classifier, together with a trigger identified as causing a
change in the one or more symptoms or the disease or the
disease state from a baseline of previously determined one
or more symptoms or disease or disease state.

13. (canceled)
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14. The method of claim 12, further comprising prompt-
ing the user with questions designed to identify the trigger.

15. The method of claim 14, wherein the questions are
asked in an order determined by a pre-trained decision tree.

16. The method of claim 1, wherein the device is a far
field device.

17. The method of claim 16, wherein the far field device
is a smart speaker.

18. A system comprising:

an output device;

one or more Sensors;

one or more Processors;

memory storing instructions that when executed by the

One or more processors, cause the one or more proces-

sors to perform operations comprising:

capturing, using the one or more sensors, signals
including information about a user’s symptoms;

collecting other data correlative of symptoms experi-
enced by the user;

determining, using a symptom classifier with the sig-
nals and the other data as input, one or more symp-
toms of the user;

determining, using a disease classifier with the one or
more symptoms and one or more sleep features as
input, a disease or disease state of the user;

determining, using a medication effectiveness classifier
with the disease or disease state as input, a medica-
tion effectiveness in suppressing the one or more
symptoms or improving the determined disease state
of the user; and

presenting, using the output device, data for the one or
more symptoms, the disease, the disease state, or an
indication of the medication effectiveness for the
user.

19. The system of claim 18, wherein the other information
correlative of symptoms experienced by the user includes at
least one of vital information or physical characteristics of
the user.

20. The system of claim 18, wherein the one or more
sensors includes at least one of a microphone, a peripheral
capillary oxygen saturation (SPO2) sensor, a heart rate
Sensor, a gyroscope or a mattress sensor.

21. The system of claim 18, wherein the system includes
one or more microphones and the operations further com-
prise:

capturing, using the one or more microphones, an audio

signal indicative of the one or more symptoms of the
user;

augmenting the audio signal by adjusting one or more

frequencies of the audio signal;

extracting one or more features from a frame or subframe

of the augmented audio signal; and

using the extracted features to train the symptom classi-

fier, the disease classifier and the medication effective-
ness classifier.

May 14, 2020

22. The system of claim 21, wherein augmenting the
signal includes changing one or more characteristics of the
signal.

23. The system of claim 21, wherein extracting the one or
more features from the frame or subframe of the audio signal
comprises calculating from the frame or subframe at least
one of Mel Frequency Cepstral Coefficients (MFCC), Dis-
crete Cosine Transform (DCT) coeflicients, Fast Fourier
Transform (FFT) coeflicients, zero crossing rate, dynamic
range, spectral flatness, spectral flux or self-learned autoen-
coder features.

24. (canceled)

25. The method of claim 18, wherein the one or more
sleep features are input into a sleep disorder classifier, and
the output of the sleep disorder classifier is input into the
disease classifier.

26. The system of claim 18, wherein the output of the
disease classifier is input into the medication effectiveness
classifier, together with a trigger identified as causing a
change in the one or more symptoms or the disease or the
disease state from a baseline of previously determined one
or more symptoms or disease or disease state.

27. The system of claim 26, further comprising prompting
the user with questions designed to identify the trigger.

28. The method of claim 27, wherein the questions are
asked in an order determined by a decision tree.

29. (canceled)

30. The system of claim 18, wherein the system includes:

a housing having a first portion configured to be inserted

inside an ear canal of a user and a second portion worn
around the ear of the user;

a first microphone or microphone array disposed in the

first portion of the housing;

a second microphone or microphone array disposed in the

second portion of the housing;

and wherein the one or more sensors include at least one

of a motion sensor, a peripheral capillary oxygen
saturation (SPO2) sensor or a heart rate sensor disposed
in the housing and configured to detect motion, oxygen
levels and heart rate, respectively, of the user during a
health-related event;

and wherein the one or more processors are coupled to the

first and second microphones and the motion sensor,

and configured to:

obtain a first audio signal from the first microphone;

obtain a second audio signal from the second micro-
phone;

obtain data from the one or more sensors; and

determine, based on the first audio signal, the second
audio signal and the data, one or more health-related
events for the user.

* #* * #* #®
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