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(57) Abstract: A system receives feature parameters, each identifying pos-
sible values for one of a set of features. The system, receives outcomes cor-
responding to the feature parameters. The system generates a simulated pa-
tient population dataset with multiple simulated patient datasets, each simu-
lated patient dataset associated with the outcomes and including feature val-
ues falling within the possible values identified by the feature parameters.
The system may train a machine learning engine based on the simulated pa-
tient population dataset and optionally additional simulated patient population
datasets. The machine learning engine generates predicted outcomes based
on the training in response to queries identifying feature values.
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GENERATION OF SIMULATED PATIENT DATA FOR TRAINING PREDICTED

MEDICAL OUTCOME ANALYSIS ENGINE

CROSS-REFERENCE TO RELATED APPLICATIONS
{0001] The present application claims the priority benefit of U.S. provisional application
number 62/743,789 filed October 10, 2018 and entitled “Knowledge Database System and

Methods,” the disclosure of which is hereby incorporated by reference.

BACKGROUND
1. Field:
{0002] The present teachings are generally related to automated medical ocutcome
prediction. More specifically, the present teachings relate to automated generation of a
simulated patient population dataset and use of the simulated patient population dataset to

train a machine learning engine for an automated medical outcome prediction system.

2. Description of the Related Art:

{0003} Medical professionals, such as doctors, need to issue numerous medical diagnoses
and order various tests and treatments during the course of their work., A medical
professional typically must undergo many years of post-graduate education and on-the-job
training to be qualified to accurately diagnose or treat a patient’s condition based on
symptoms, test results, and other characteristics of the patient. However, qualified medical
professionals with expertise relevant to a patient’s issue are often in short supply, especially
in developing countries, rural areas, or on military deployments. As a result, medical

professionals in some regions or crcammstances are sometimes required to issue diagnoses
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and perform procedures that are outside of their areas of expertise, which can lead to missed
diagnoses, delayed diagnoses, incorrect diagnoses, missed treatments, delayed treatments,
or incorrect treatments. The stakes of misdiagnosing or mistreating patients are very high -
each of these situations can worsen a patient’s health and in some cases can lead to the
patient’s death.

{0004] Traditional medical data, such as personal, health-related, demographic, and
biometric data collected from patients, is considered extremely sensitive. Privacy of medical
data, and security of systems that handle medical data, are both highly regulated by
governments worldwide.  As a result, medical data from patients or medical studies is
traditionally kept securely in computer systems belonging to hospitals, health insurance
companies, or pharmaceutical companies. Researchers and other medical professionals
generally canmnot access such medical data, and especially not in any useful quantity or form.
In some cases, medical data may be “anonymized” through removal of patient names and
other explicitly identifving information, a tedious process that often requires considerable
marnual labor, as medical data is often not uniformly formatted and can come from disparate
sources. Hven when medical data is anonymized through removal of explicitly identifying
information, however, privacy concerns may still remain, as a patient's identity may
sometimes still be deduced based on physical characteristics, symptoms, and other features
described in the patient’s medical data.  As a result, resecarchers and other medical
professionals have largely been prevented from developing systems that analyze or draw

insights based on patient medical data.

SUMMARY
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{00605] Techniques and systems are described herein for generating a simulated patient
population dataset with one or more simulated patient datasets based on feature parameters
and outcomes. Each simulated patient dataset is associated with the cutcomes and includes
feature values for various features, the feature values based on the feature parameters. A
machine learning engine is trained using at least the simulated patient population dataset.
The predicted outcomes based on the training in response to queties identifying feature
values.

{0006] In onc example, a method for generating and processing simulated patient
information is provided that includes receiving one or more feature parameters
corresponding to one or more features. Each feature parameter of the one or more feature
parameters identifies one or more possible values for one feature of the one or more
teatures. The method also includes receiving one or more outcomes corresponding to the
one or more feature parameters. The method also includes generating a simulated patient
population dataset that includes one or more simulated patient datasets. Each simulated
patient dataset of the one or more simulated patient datasets includes one or more feature
values corresponding to the one or more features. The one or more feature values are
generated such that each feature value of the one or more feature values is selected from the
one or more possible values for each feature of the one or more features. Hach simulated
patient dataset of the one or more simulated patient datasets is associated with the one or
more outcomes. The method also includes training a machine learning engine based on the
simulated patient population dataset. The machine learning engine generates one or more
predicted outcomes based on the training, wherein the machine learning engine generates

one or more predicted outcomes based on the training,
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{0607] In another example, a system that generates and processes simulated patient
imformation is provided. The system includes one or more communication transceivers that
receive one or more feature paramneters corresponding to one or more features. Bach feature
parameter of the one or more feature parameters identifies one or more possible values for
one feature of the one or more features. The one or more commurnication transceivers also
receive one or more outcomes corresponding to the one or more feature parameters. The
system also includes one or more memory units storing instructions and one or more
processors that execute the instructions. Execution of the instructions by the one or more
processors causes the one or more processors to perform operations. The operations include
generating a simulated patient population dataset that includes one or more simulated
patient datasets. Fach simulated patient dataset of the one or more simulated patient
datasets includes one or more feature values corresponding to the one or more features. The
one or more feature values are generated such that each feature value of the one or more
feature values is selected from the one or more possible values for each feature of the one or
more features. Each simulated patient dataset of the one or more simulated patient datasets
is associated with the one or more outcomes. The operations also include training a machine
learning engine based on the simulated patient population dataset. The machine learning
engine generates one or more predicted outcomes based on the training, wherein the
machine learning engine generates one or more predicted outcomes based on the training.

{0008] In another example, a non-transitory computer readable storage medium having
embodied thereon a program is provided. The program is executable by a processor to
perform a method of generating and processing simulated patient information. The method
includes receiving one or more feature parameters corresponding to one or more features.

Hach feature parameter of the one or more feature parameters identifies one or more
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possible values for one feature of the one or more features. The method also includes
receiving one or more outcomes corresponding to the one or more feature parameters. The
method also includes generating a simulated patient population dataset that inchudes one or
more simulated patient datasets. Hach simulated patient dataset of the one or more
stmulated patient datasets includes one or more feature values corresponding to the one or
more features. The one or more feature values are generated such that each feature vahie of
the one or more feature values is selected from the one or more possible values for cach
feature of the one or more features. Each simulated patient dataset of the one or more
sunulated patient datasets is associated with the one or more outcomes. The method also
includes training a machine learning engine based on the simulated patient population
dataset. The machine learning engine generates one or more predicted outcomes based on
the training, wherein the machine learning engine generates one or more predicted

cutcomes based on the training..

BRIEF DESCRIPTION OF THE FIGURES
{0009] FIG. 1 is a block diagram illustrating generation of a simulated patient population
dataset based on a patient population source seed and on expert-provided outcomes.
{0010} FIG. 2 is a block diagram illustrating training of a machine learning engine of a
dataset analysis system based on at least one simulated patient population dataset.
{0011] FIC. 3 is a block diagram illustrating scaling of amount of simulated patient datasets
used in a training dataset based on reputation scores.
{0012] FIG. 4 is a block diagram illustrating cross-validation of predicted outcomes

generated using the machine learning engine against expert-provided outcomes.



WO 2020/077163 PCT/US2019/055747

{0613} FIC. 5 is a block diagram illustrating generation of predicted outcomes based on a
query.

{0014] FIG. 6 illustrates a sample format for expert-provided outcomes or predicted
outcomes.

[0615] FIG. 7A is a block diagram iHustrating generation of predicted outcomes based on an
exemplary query.

{00616] FIG. 7B illustrates exemplary predicted outcomes generated based on the exemplary
query of FIG. 7A.

{0017} FICG. 8 illustrates an example of an expert user interface for analyzing an information
source via an assisted/supervised natural language processing (NLF) operation.

{0018] FIG. 9 illustrates an example decision tree that may be used in generating predicted
outcomes.

{0019] FIG. 10 illustrates an example expert user interface for generating a patient
population source seed.

{0020] FIG. 11 is a flow diagram illustrating a method of generating and processing
stmulated patient information.

{0021} FIG. 12A iHustrates a first exemplary simulated patient population dataset.

{6622} FICG. 12B illustrates a second exemplary simulated patient population dataset.

{0023] FIG. 13 illustrates an exemplary distribution of feature values for a particular feature
within a simulated patient population dataset according to a feature parameter designating
a symmetric Gaussian distribution.

{0024] FIG. 14A illustrates an exemplary outcome and feature relationship interface relating
a positive lung cancer diagnosis cutcome to various feature parameters, including a focus on

an cough feature.
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{0625] FIC. 148 illustrates an exemplary outcome and feature relationship interface relating
a positive lung cancer diagnosis outcome to various feature parameters, including a focus on

an age feature.

{0026] FIG. 15 is a block diagram of an exemplary computing device that may be used to

mmplement some aspects of the technology.
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DETAILED DESCRIPTION

{0027] A dataset generation system is described that receives feature parameters, each
feature parameter identifying possible values for one of a set of features. The dataset
generation system recetves outcomes corresponding to the feature parameters. The dataset
generation system generates a simulated patient population dataset with multiple simulated
patient datasets, cach simulated patient dataset associated with the outcomes and including
feature values falling within the possible values identified by the feature parameters. A
dataset analysis system may train a machine learning engine based on the simulated patient
population dataset and optionally additional sumulated patient population datasets. The
machine learning engine generates predicted outcomes based on the training in response to
queries identifying feature values.

{0028] FIG. 1 is a block diagram illustrating generation of a simulated patient population
dataset based on a patient population source seed and on expert-provided cutcomes.

{0629] The block diagram 100 of FIG. 1 inchades an expert device 110 and a dataset
generation system 135. One or more experts 105 interact with the expert device 110 through
an expert user interface (Ul) 115, providing various input data to the expert device 110
through the expert Ul 115. The input data may include a patient population source seed 120
and optionally metadata 130. The expert device 110 passes the patient population source
seed 120 and optionally metadata 130 on to the dataset gencration system 135, which
generates a simulated patient population dataset 140 based on the patient population source
seed 120 and optionally on the metadata 130. The simulated patient population dataset 140
includes multiple simulated patient datasets 145A-7Z that each correspond to a simulated
patient. The patient population source seed 120 identifies feature parameters 122, which are

discussed further below, and cutcomes 125, All of the simulated patient datasets 145A-7
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within the simulated patient population dataset 140 are associated with the same outcomes
125 — that is, the cutcomes 185A-Z are the cutcomes 125, for each of the simulated patient
datasets 145A-Z within the simulated patient population dataset 140. The teature
parameters 122 then provide information about feature values that correspond to those
outcomes 125, as discussed further below. If the expert 105 wishes to describe a different set
of outcomes than the outcomnes 125, the expert then inputs a different patient population
source seed with that different set of outcomes, and a separate simulated patient population
dataset based on that different set of outcomes is generated by the dataset generation system
135 based on the different patient population source seed.

{00630] Each simulated patient dataset of the simulated patient datasets 145A-Z includes
features and outcomes that are based on the patient population source seed 120 as discussed
further below. Each simulated patient dataset of the simulated patient datasets 145A-7 also
includes metadata, which may provide information about the patient population source
seed 120, the expert that provided the patient population source seed 120, the resulting
sivrrilated patient population dataset 140, or combinations thereof, as discussed further.
While the metadata 1538A-7Z is illustrated separately from the features 150A-Z and the
outcomes 1535A-Z in FIG. 1, in some cases the metadata 158A-Z may be included in the
features 150A-Z. For example, a first simulated patient dataset 145A includes a first set of
features 1504, a first set of outcomes 155A, and a first set of metadata 158A; a second
simulated patient dataset 145B includes a second set of features 150B, a second set of
outcomes 1558, and a second set of metadata 1588; and an N* {e.g., twenty-sixth) simulated
patient dataset 1457 includes an N set of features 1507, an N® set of outcomes 1557, and an

Nt set of metadata 1587,
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{0031] The patient population source seed 120 may include one or more feature parameters
122 associated with one or more features. As discussed in turther detail below, features may
include a patient’s physical characteristics, health data, biometric data, medical history, vital
signs, symptoms, other signs, test results, and the like. Patient data for a particular patient,
whether the patient is real or simulated, may have feature values associated with each
feature.  These feature values may include numeric values, Boolean true/false values,
multiple-choice {(e.g., multiple categories) values, string values, Likert scale responses, or
combinations thereof. For example, patient data for a particular simulated patient dataset
may identify the patient’s height as a feature, and may identify that this sumulated patient
has a numerical feature value of six feet and three inches {i.e., 75 inches or 6.25 feet) for the
height feature. Patient data for a particular patient may identify the patient’s gender as a
teature, with a corresponding boolean gender feature value such as “male” or “female,” ora

corresponding multiple-choice (AKA “category”) feature value selected from  multiple

57 s I

possible values such as “male,” “temale,” “other,” “decline to state,” or “not available
(NA)Y”

{00632} Feature parameters 122 in the patient population seed 120 provided to the expert
device 110 by an expert 105 through the expert Ul 115 may identify one or more possible
feature values associated with each feature of one or more features. Each the feature values
for the features 150A-Z of the simulated patient population dataset 140 are then generated
by the dataset generation system 135 to adhere to the possible feature values identified by
the feature parameters 122. An example of an expert Ul 115 through which an expert 105
may input a patient population seed 120, including the feature parameters 122 and the
outcomes 125 and a count 128, is illustrated in FIG. 10, The one or more possible feature

values may in some cases be identified as a range of values, a minimum threshold value, a

10
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maximum threshold value, a list of one or more individual possible values, or some
combination thereof. For example, the feature parameters 122 may identify that the
simulated patient population dataset 140 should be generated to only include simulated
patient datasets 145A-7 whose features 150A-7 include ages between 18 and 25, and who
are experiencing a cough symptoms that are moderate or greater in severity, who are non-
smokers, and who may be male or fernale.

{0033] The feature paramecters 122 may also identify a distribution to be maintained in
generating the feature values for features 150A-Z. The feature values may be generated
semi-randomly, so that feature values corresponding to a high probability in a distribution
(such as the peak of a bell curve} are more likely to be generated than feature values
corresponding to a low probability in a distribution (such as the edges of a bell curve).
Distributions may include Gaussian distributions (which may alsc be referred to as
“normal” distributions or “bell curves”), asymmetric distributions, linear distributions,
polynomial distributions, exponential distributions, logarithimic distributions, power series
distributions, sinuscoidal distributions, other distributions, or combinations  thereof
Distributions may be identified, for example, by mean and standard deviation values, by
graph function values, by skew or distortion values, or combinations thereof. For example,
the feature parameters 122 may identify that the simulated patient population dataset 140
should be generated to include a Gaussian distribution of feature values for a “patient body
mass index (BMI)” feature, with the mean of the BMI feature value being 22 kg/m? and the
standard deviation of the BMI feature value being 3.5 kg/m® The dataset generation system
135 then generates the BMI feature values for the features 150A-7 semi-randomly, so that
the features 150A-Z include a variety of BMI values, but all of the BMI values generated of
the features 150A-Z are generated randomly based on probabilities determined according to

11
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a Gaussian distribution with identified mean {e.g., 22 kg/m? as above) and an identified
standard deviation {e.g., 3.5 kg/m? as above) as indicated in the feature parameters 122. An
example set of feature values generated based on this example Gaussian BMI distribution is
ilhastrated in FIG. 13 as the distribution 1300,

{0634} Distribution functions for feature values may be based on the outcomes 125 and may
conform to expected distributions of the featuwre values within real-world patiend
populations in which those outcomes 125 are true. An outcome of a diagnosis of lung
cancer, for example, may be associated with a particular distribution function for the age
feature based on, for example, more than half of lung cancer diagnoses occurring for
patients that are 55 to 74 years old, and more than one-third of lung cancer diagnoses
occurring for patients that over 75 years of age.

{0038] A set of features 150n (where n is a character A-Z) may identify one or more features
as well as one or more feature values for each of those features. The set of features 150n
may, for example, include features in the form of various types of information about a
patient and the patiend’s circumstances. For example, a set of features 150n may include
physical characteristics, such as the patient’s gender, age, race, skin color, height, weight,
BMI, sex, injuries, physical disabilitics, eye color, pupil dilation, case or difficulty of
breathing, functional capacity, gait speed, strength, flexibility, other physical characteristics,
or some combination thereof. A set of features 150n may include mental or behavioral
characteristics, such as the patient’s mental disabilities, delirium, behavioral tics, behaviors,
habits, preferences, occupation, relationship/family status, other mental or behavioral
characteristics, or some combination thereof. A set of features 150n may include past
patient’s documentation, insurance information, photos and pictures of patients, patient’s

family members, and other documentation, or some combination thereof. A set of features

12
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150n may include biometric data, such as pulse, blood pressure, bedy temperature,
breathing rate, oxygen saturation (as measured by pulse oximetry), blood glucose level,
heart rate, end-tidal carbon dioxide (ETCO»), other vital signs, other biometric data, or some
combination thereof. A set of features 1507 may include medical history of the patient or
patient's family, such as past or current medical conditions, past or current medications {e.g,,
with doses and frequencies of administration), past or current surgeries, past or current
treatments, past or current allergies, past or current vaccinations, missing (not vet reccived)
vaccinations, other medical history information, or some combination thercof.

{0036] A set of features 150n may include symptoms presented by or otherwise detectable
from the patient, such as a fever, rash, ache, pain, cough, diarrhea, dysuria, other symptoms,
or some combination thereof. Values for the set of features 1501, or the set of features 150n
themselves, may in some cases indicate strength or severity level or degree of one or more of
the symptoms, such as acute, severe, strong, medium, mild, nonexistent, or some other
strength or severity level or degree. A set of features 150n may include test results, such as
blood tests, urine tests, medical imaging evaluations, results of a physical examination, other
test results, or some combination thereof. A set of features 150n may include the patient’s
lack of particular organ or body part, such as an amputated limb, an internal organ that has
been removed via surgery, an organ that has deteriorated, other lack of particular organ or
body part, or some combination thereof. A set of features 150n may include patient
activities, such as travel to a foreign country, recreational or work-related activities, job
stress, family stress, recent accidents, drug use, exposure to infection, other patient activities,
or some combination thereof.

{0037} The metadata 158n (where #n is a character A-Z) may include the metadata 130
provided to the expert device 110 by the expert 105, by the expert device 110 about the

13
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expert 105 and/or about the patient population source seed 120, or otherwise relating to the
expert 105, the patient population source seed 120, and/or the resulting simulated patient
dataset 140. That is, the metadata 130 may concern an expert 105 or other circumstances
relating to gathering the other features or to providing outcomes 155n (where n is a
character A-Z). For example, a set of features 150r may include expert identifier (ID)
corresponding to the expert 105, an experience level of the expert 105, a mood of the expert
105 during review and analysis of other features to provide outcomes 155n, a time of day
during which the expert 105 during reviewed and analyzed other features to provide
outcomes 155n, a day of the week during which the expert 105 during reviewed and
analyzed other features to provide outcomes 155n, a season during which the expert 105
during reviewed and analyzed other features to provide outcomes 1551, an organization
employing the expert 105, an orgenization to which the expert 105 is a member, an
mstitution providing diagnostic criteria, a device used to generate biometric data or test
results, other metadata, or some combination thereof. In some cases, the metadata may in
some cases include a reputation score 350% of the expert (as illustrated in FIG. 3) and a
reputation score 355% of the simulated patient population dataset 140 (as iHustrated in FIG.
3}, which may added to the metadata 130 and/or be later modified/controlled by the expert
device 110, the dataset generation system 135, the dataset analysis system 205, or some
combination thereof.

{0038] The outcomes 125 of the patient population source seed 120 are provided by the one
or more experts 105 via the expert Ul 115 and correspond to the patient feature parameters
122. Thus, the outcomes 125 are used as the outcomes 1535A-2 for each of the simulated
patient datasets 145A-7 of the simulated patient population dataset 140. In some cases, the

cutcomes 125 may be stored as corresponding to the entire simulated patient population

14
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dataset 140. This may use less space than identifying the outcomes 125 for each simulated
patient dataset 145A-7Z. In the simulated patient population dataset 140 illustrated in FIG. 1,
however, the cutcomes 125 are stored in each of the simulated patient datasets 145A-Z as the
outcomes 155A-Z. While this stores the outcomes 125 in a redundant way while the
stmulated patient datasets 145A-Z are alone in the simulated patient population dataset 140,
this redundancy ensures that the outcomes 125 still identifiably correspond to the simulated
patient datasets 145A-7Z and their features 150A-Z cven if the simulated patient datasets
145A-Z are later moved or merged into a larger database, such as the training dataset 205 of
FIC. 2, along with other simulated patient datasets from other simulated patient population
datasets associated with other sets of cutcomes.

{0039] The outcomes 125may include various types of expert input from the one or more
experts 105. For example, the outcomes 125 may include likely diagnoses given the feature
parameters, optionally along with likelihood probabilities. The outcomes 125 may include
recommended tests given the feature parameters, optionally along with strengths of each
recommendation.  The outcomes 125 may include recommended treatments given the
feature parameters, optionally along with strengths of each recommendation. The outcomes
125 may identify features that most factor into one particular diagnosis or other outcome
tvpe or another. Examples 1060 of outcomes 125 are illustrated in FIG. 10, While the
outcomes 600 and 730 of FlGs. 6 and 7B illustrate predicted outcomes generated by a
machine learning engine 210 as discussed further herein, at least some of the types of
information shown in the outcomes 600 and 730 may also be present in the outcomes 125.
{0040] The patient population source seed 120 may also identify a count 128. The count 128
may identify how many simulated patient datasets 145A-Z should be generated within the

simulated patient population 140 by the dataset generation system 135, The count 128 may
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be a numeric value, such as the value “5,000” shown in the example 1080 of the count 128
illustrated in FIG. 10. In some cases, the count 128 may also identify a distribution, such as
the distribution 1300 of FIG. 13

{0041] The simulated patient population dataset 140 may take the form of a table, a
database, or a similar data structure. In some cases, each simulated patient dataset may
1455 occupy a row in the simulated patient population dataset 140. In such a case, each
sunulated patient dataset 1451 may have a simulated patient identifier uniquely identifying
the simulated patient that is being described. A column of the simulated patient population
dataset 140 may be dedicated to such simulated patient identifiers, with the cell in that
column and in the row of a particular simulated patient dataset 145n including the
simulated patient identifier for the simulated patient dataset 1457, In some cases, such
simulated patient identifiers may be considered to be one of the features 150n (e.g., as
metadata).

{0642} Each of the one or more features 1505 of the simulated patient dataset 1457 may have
a column of the simulated patient population dataset 140 dedicated to it. The cells in those
columns and in the row corresponding to the simulated patient dataset 1457 may then have
feature values for each of those features. For example, if the features 150n include age,
gender, body temperature, and BMI, then there may be an "age” column, a “gender”
column, a “body temperature” column, and a “BMI” column. The cell in the “age” column
at the row corresponding to the simulated patient dataset 145x# may include a feature value
such as 30.6 years. The cell in the "gender” cohunn at the row corresponding to the
simulated patient dataset 1457 may include a feature value such as male. The cell in the
“hody temperature” column at the row corresponding to the simulated patient dataset 145xn
may include a feature value such as 101.4°F. The cell in the “BMI” column at the row

16
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corresponding to the simulated patient dataset 1457 may include a feature value such as 24.1
kg/m? In some cases, a feature value may be missing for a particular simulated patient
dataset 1451 and may be marked as “NA,” for example. Different types of metadata may
also each have dedicated colummns, and may optionally be freated as features.

{0643} Fach of the one or more outcomes 155 of the simulated patient dataset 1457 may
have a column of the simulated patient population dataset 140 dedicated to it. The cells in
those columns and in the row corresponding to the simulated patient dataset 145n may then
have outcome values for each of those features. For example, if the outcomes 155# include
Chronic Obstructive Pulmonary Discase (COPD), lung cancer, and a recommendation for a
pulmonary function test then there may be a “COPD” column, a "lung cancer” colunin, and
a “pulmonary function test” column. The cell in the "COPD” column at the row
corresponding to the simulated patient dataset 1457 may be binary (true/false} or may
include a outcome likelihood value such as 70%. The cell in the “lung cancer” column at the
row corresponding to the simulated patient dataset 1455 may be binary (true/false) or may
include a outcome likehhood value such as 65%. The cell in the “pulmonary function test”
column at the row corresponding to the simulated patient dataset 14571 may be binary
(true/false) or may include a recommendation strength value such as 42%. In some cases, an
outcome value may be missing for a particular simulated patient dataset 1455 and may be
marked as “NA,” for example. Examples 1200 and 1250 of simulated patient population
datasets 140 are further provided in FIGs. 12A and FIGs. 12B. Though no simulated patient
identifiers or metadata are illustrated in those examples 1200 and 1250, it should be
understood that simulated patient identifiers and/or metadata may be present in other

simulated patient population datasets.
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{0044] The expert device 110 and expert Ul 115 may include multiple modes of operation,
including a free-form mode 160, a guided mode 165, an assisted/supervised natural
language processing (NLP) mode 170, and an unassisted/unsupervised natural language
processing (NLP) mode 175. EHach mode of operation allows for experts 105 to input
information identifying of relationships between features’ parameters and outcomes and
associated creation of one or more simulated patient population datasets based on those
features’ parameters and outcomes. Each information input session may optionally be
identified via a unigue input data identifier (ID), which may be itself considered a feature
(as metadata). Expert input data may be provided from the expert device 110 to the dataset
generation system 135 in many formats, such as HTML, WPFE, J[SON, XML, YAML, plain
text, an encrypted variant of any of these, or a combination thereof. Expert input data may
be provided from the expert device 110 to the dataset generation system 135 via an
application programming interface (API) or web interface, such as a REST APl interface, a
SOAP APH interface, a different non-REST and non-SOAP AP interface, a web interface, or
some combination thereof.

{0045] In the free-form mode 160, one or more experts 105 provide feature parameters and
corresponding outcomes by filling out multiple form fields or other input interfaces
manually. The free-form mode 160 may allow the one or more experts 105 to identify a list
of features deemed by the one or more experts 105 to be relevant to given outcomes.

{0046] In some cases, an expert 105 may not provide feature parameters 122 for certain
teatures through the expert Ul 115, in which case feature values for the simulated patient
datasets that are generated may have missing “NA” feature values for those missing
features. Some machine learning algorithms may sometimes have trouble with missing or
“INA” values, in which case the one or more experts 105 may optionally define and/or assign
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a “default” feature values and/or outcome values when no value is otherwise provided. For
example, the expert Ul 115 may ask an expert 105 to fill in feature parameters 122 for
hundreds of features. The expert 105 may provide feature parameters 122 for important
features to a particular outcome or set of outcomes, but may leave blank feature pararneters
for features that the expert 105 considers irrelevant or does not have enough information
about to identify a correlation with the outcome in question. If one of those irrelevant
features is age, for example, the expert 105 may select an option to use a default age. The
default age may be set to 35, for example. The default age (or any other default feature
value) may be set by the expert 105, either during that session or during a previous interact
with the expert Ul 115. The default age (or any other default feature value) may be set by
the expert device 110 and/or by the dataset generation system 135, for example based on an
average age or other average feature value as found in the real world, either in general or in
relation to the outcomes. The default age (or any other default feature value) may be set
based on inputs by one or more other experts 105, optionally for the same outcomes or
sirrdlar outcomes.

{0647} may.  Por numerical feature and outcome values, a type of distribution may be
identified, such as Gaussian distributions, asymmetric distributions, linear distributions,
polynomial distributions, exponential distributions, logarithmic distributions, power series
distributions, sinuscidal distributions, or combinations thereof.  Distributions may be
identified based on mean, standard deviation, skew, and so forth, or may be identified based
on graph function, or some combination thereof.

{0048] Similarly, for categorical {e.g., Boolean or multiple choice) feature values, the one or
more experts 105 may, through the free-form mode 160, identify categories/choices and may
identify a percentage of prevalence for each category/choice. For example, if the feature in
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questiont is “cough,” and the available categories are “none” “mild cough,” “medium
cough,” and “severe cough,” the one or more experts 105 may specity that 5% of the
simulated patient datasets 145A-2Z of the simulated patient population dataset 140 will have
the “none” value, 20% will have the "mild cough” value, 35% will have the “medium
cough” value, and 40% will have the “severe cough” value. The one or more experts 105
may also identify a count of how many simulated patient datasets should be present in the
sunulated patient population dataset 140. While the letters A-Z imply 26 simulated patient
datasets, any number may be sclected. Each of the one or more experts 105 may provide, or
be assigned, an expert identifier (ID) corresponding to cach expert and that expert identifier
may be one of metadata 158A-7Z included into each simulated patient dataset provided by
that expert.

{0049] In some cases, different experts may have different expert reputation scores 350,
which may be present in the metadata 130. The metadata 158A-Z stored in the simulated
patient population dataset 140 may mclude an expert reputation score 350 of an expert that
provided the patient population source seed 120 based upon which the simudated patiend
population dataset 140 is generated. Alternately, the metadata 158A-Z may store a
hyperlink {e.g., URL) or pointer to the expert reputation score, which may be stored in a
centralized system such as the dataset generation system 135 and/or the dataset analysis
system 205 so that the expert reputation score is consistent across different simulated patient
population dataset that are based on patient population source seeds from that user.

{0650] Input from a first expert with a high reputation score may be more highly regarded
than input from a second expert with a low reputation score that is lower than the high
reputation score. The first expert may have a higher reputation score than the second expert
based on the first expert having obtained a higher level of education, or a more relevant
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education, or having had more relevant experience {e.g., as a doctor or other medical
professionaly than the second expert. A reputation score of an expert may also be raised
whenever an expert’s provided outcomes agree with outcormnes of one or more other experts,
especially if the other experts also have high reputation scores. A reputation score of an
expert may be reduced whenever an expert’s provided outcomes are different from
outcomes of one or more other experts.

{0051] Additionally, each simulated patient population dataset 140 may have iis own
simulated patient population dataset reputation score, which may also be stored in the
metadata 158A-Z. Alternately, the metadata 158A-Z may include a store a hyperlink (e.g.,
URL) or pointer to the simulated patient population dataset reputation score, which may be
stored in a centralized system such as the dataset generation system 135 and/or the dataset
analysis system 205 to maintain consistency. A simulated patient population dataset with a
high simulated patient population dataset reputation score may initially be based on the
expert reputation score, but may be increased and decreased independently based on
validation (as in FIG. 4) and querying user feedback 550 {as in FIG. 3). Hxpert reputation
scores and simulated patient population dataset reputation scores are discussed further with
respect to FIGs. 2, 3, and 5.

{06052] In the guided mode 165, the training module 215 and/or expert Ul 115 can provide
feedback to the one or more experts 105 inputting data via the expert Ul 115, for example by
asking questions to one of the experts 105, optionally starting with broader questions and
then getting to narrower question. In some cases, the guided mode 165 may be triggered in
response to receipt of a query dataset 510 at the query module 425 as illustrated in FIG. 5
and/or negative feedback 550 from querying user Examples of query-triggered and
feedback 550-trigerred guided mode 165 are discussed further with respect to FIG. 5.
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{0653] In the NLP modes 170 and 175, an information source may be provided to {e.g,
uploaded to) or identified to {e.g., through a URL or other link) the expert device 110
through the expert Ul 115, The information source may be, for example, a document, a
website, a publication, or a medical book. The information source may be parsed at the
expert device 110 and/or at the dataset generation systern 135, which may identify features
and  corresponding  ouicomes from the parsed information source. In the
assisted/supervised NLP mode 170, one or more experts 105 may assist or supervise the NLF
algorithm to ensure that correct correlations between features and outcomes are parsed, and
that feature data and/or outcome data is modified if necessary. In  the
unassisted/unsupervised NLP mode 175, the one or more experts 105 do not assist or
supervise the NLP algorithm. An example 800 of an expert Ul 115 for analyzing an
information source 810 via the assisted/supervised NLP mode 170 is iltustrated in FIG. 8.
{0054] The expert device 110 and/or the dataset generation system 135 may each include
one or more computing devices 1500 as illustrated in FIG. 15 and as discussed with respect
to FIG. 15. In some cases, the expert device 110 and/or the dataset generation system 135
may include a subset of the components of the computing device 1500 illustrated in FIG. 15
and/or as discussed with respect to FIG. 15. While the expert device 110 and the dataset
generation system 135 are illustrated as separate computing devices and/or separate sets of
computing devices in FIG. 1, in some cases the expert device 110 and the dataset generation
system 135 may be co-located on a single set of one or more computing devices 1500, or may
share one or more computing devices 1500 in common. In some cases, the dataset
generation systemn may be alternately reterred to as a dataset generation module, a dataset
generation device, a patient simulation system, a patient simulation module, or a patient
simulation device.
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j0055] FIG. 2 is a block diagram illustrating training of a machine learning engine of a
dataset analysis systerm based on at least one simulated patient population dataset.

{0056] A training dataset 290 may be generated by the dataset generation system 135 and/or
by a dataset analysis system 205. The training dataset 290 may be generated to include at
least a subset of the simulated patient population dataset 140 — that is, the training dataset
290 may include one or more of the simulated patient datasets 145A-7Z of the simulated
patient population dataset 140. How many of the simulated patient datasets 145A-Z are
included in the training dataset 290 may be based on the count 128 associated with the
sunulated patient population dataset 140, on the simulated patient population dataset
reputation score associated with the simulated patient population dataset 140, on the expert
reputation score associated with the expert 105 that provided the patient population source
seed 120 based upon which the simulated patient population dataset 140 was generated, one
or more characteristics of the machine learning engine 210 (e.g., size of training datasets that
it is capable of receiving as input), or some combination thereof.

{00587] The training dataset 290 may be generated to include at least a subset of a second
stulated patient population dataset 225 as well, similarly based on counts and/or second
simulated patient population dataset reputation score and/or expert reputation and/or
characteristics of the machine learning engine 210. The training dataset 290 may be
generated to include at least a subset of a third simulated patient population dataset (not
pictured), at least a subset of a fourth simulated patient population dataset {not pictured),
and so forth - any number of simulated patient population datasets, or subsets thereof, may
be included in the training dataset 290. The training dataset 290 may be generated to
include at least a subset of a real patient population dataset 245 as well, which may likewise
be based on a count of real patient datasets 250A-Z included within the real patient
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population dataset 245, a real patient population dataset reputation score, an expert
reputation score of an expert that provided the real patient population dataset 245, and/or
characteristics of the machine learning engine 210. The training dataset 290 may be
generated to include at least a subset of a second real patient population dataset (not
pictured), at least a subset of a third real patient population dataset (not pictured), at least a
subset of a fourth real patient population dataset (not pictured), and so forth — any number
of real patient population datasets, or subsets thercof, may be included in the training
dataset 290.The training dataset 290, which includes at least a subset of the simulated patient
population dataset 140 generated by the dataset generation system 135 of FIG. 1 as discussed
above, is input into a training module 215 of a machine learning engine 210 of a dataset
analysis systemn 205 in FIG. 2. In some cases, the training dataset 290 may be reterred to as
the knowledge dataset, the knowledge base, the knowledge database, the training
mformation, the training base, the training database, or some combination thereof.

{00658] The second simulated patient population dataset 225 is illustrated in FIG. 2 as also
optionally being a part of the training dataset 290 that is input into the training module 215
to train the machine learning engine 210 of the dataset analysis system 205. The second
simulated patient population dataset 225 includes multiple simulated patient datasets 230A-
Z, each including features, metadata, and outcomes identified as features 235A-7, outcomes
240A-7, and metadata 242A-Z, respectively. The second simulated patient population
dataset 225 may concern different cutcomes and/or features and/or metadata than the
simulated patient population dataset 140.

{0039] A real (not simulated) patient population dataset 245 is also illustrated in FIG. 2 as
also optionally being input into the training module 215 to train the machine learning engine
210 and thereof all models 270A-Z of the dataset analysis system 205.  The real patient
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population dataset 245 includes multiple real patient datasets 250A-Z, each including
features and outcomes identified as features 255A-7 and outcomes 260A-7Z respectively. In
some cases, more than one simulated patient population dataset may be input into the
training module 215 to train the machine learning engine 210 of the dataset analysis system
205.

{0060] In some cases, the dataset analysis system 205 may perform feature naming
normalization before the training dataset 290 is input into the training module 215. Feature
naming normalization may rename features in certain simulated or patient population
datasets so that features that should be the same, but are inconsistently named, are modified
to be named consistently. For example, one simulated patient population dataset in the
training dataset 290 may have a feature titled “age” while another may simulated patient
population dataset in the training dataset 290 may have a feature *how old are you?” These
clearly refer to the same feature, so feature naming normalization may rename the “how old
are you?” feature to “age” or vice versa. In some cases, a simulated patient population
dataset 140 may store one or more possible aliases for each feature (or for certain features).

)

For example, the "age” feature may have “ages” or “years” or “how old” or “how old are
you?” as possible aliases. If aliases of features across different simulated patient population
datasets match, these features may be normalized by renaming one or both feature names so
that the features appear consistently named, allowing simulated patient datasets that were
originally from different simulated patient population datasets to be easily compared. Hf
there is no alias match, the feature naming normalization process may identify “orphan”
features that appear in one simulated patient population dataset but not another, and may
ask an expert 105, or a querying user 505, to check if any of these “orphan” features can be

renamed to match an existing feature. In some cases, feature naming normalization may
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occur after training (e.g., in response to input from a querying user 505), in which case the
training dataset 290 may be regenerated and training of the machine learning engine 210
using the training dataset 290 may be performed via the training moedule 215 again.

{0061] As noted above, expert reputation score, simulated patient population reputation
score, count 218, and characteristics of the machine leaning engine 210 may impact how
many simulated patient datasets from a particular simulated patient population dataset are
included in the training dataset 290. By default, the training dataset 290 may pull a set
amount of simulated patient datasets from a particular simulated patient population dataset,
the default amount optionally based on the characteristics {e.g., training capabilitics) of the
machine leaning engine 210. This default amount may be a percentage, such as 5%, 10%,
15%, 20%, 25%, 30%, 35%, 40%, 45%, 50%, 55%, 60%, 65%, 70%, 75%, 80%, 85%, 90%, 95%, or
100%. This default amount may be a particular number of simulated patient datasets, such
as 5, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 200, 300, 400, 500, 600, 700, 800, 900, 1000, 2000, 3000,
4000, 5000, 6000, 7000, 8000, 9000, or 10000. This default value may optionally be increased
by a delta amount, or a multiple of the delta amount, if the corresponding expert reputation
score is higher than a reputation score threshold {e.g., an average reputation score) and/or if
the corresponding simulated patient population dataset reputation score is higher than a
reputation score threshold {e.g., an average reputation score). This default value may
optionally be decreased by the delta amount, or a multiple of the delta amount, if the
corresponding expert reputation score is lower than a reputation score threshold (e.g., an
average reputation score) and/or if the corresponding simulated patient population dataset
reputation score is lower than a reputation score threshold {e.g., an average reputation
score). The multiple of the delta amount may be used if the reputation scores deviate from
the threshold by a large amount. For example, the multiple of the delta amount may be
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based on how many standard deviations a reputation score is from an average reputation
score. If a count 218 is higher or lower than the default amount, this may also increase or
decrease the default amount, for example to be equal to the count 218 (e.g., if the count 218 is
lower than the default amount) or by the delta or a multiple of the delta (e.g., if the count
218 is higher than the default amount).

{0062] In some cases, the expert reputation score and/or the simulated patient population
dataset reputation score may be increased or decreased after training, for example based on
feedback 550 of a querying user 505 as in FIG. 5. In such situations, the training dataset 290
may optionally be re-generated, with the amount of simulated patient datasets pulled from a
simulated patient population dataset optionally modified based on the increase or decrease
in the expert reputation score and/or the simulated patient population dataset reputation
score. The newly re-generated training dataset 290 may then be input back into the training
meodule 215 to train the machine learning engine 210.

{0063] The machine learning engine 210, once trained based on the training dataset 290 (e.g.,
the simulated patient population dataset 140 and optionally one or more additional
stmulated and/or real patient population datasets), may generate one or more artificial
intelligence (Al) or machine learning (ML) models that the machine learning engine 210 may
use to generate predicted outcomes 540 based on query datasets 510 as discussed further in
FIG. 5. Four such models are illustrated in FIG. 2, namely a first model 270A, a second
model 2708, a third model 270C, and a fourth model 270D. Some examples of these AI/ML
models are illustrated in FIGs. 14A and 14B. In some cases, the models may be generated as
decision trees, such as the decision tree 900 of FIG. 9.

{0064] To generate the decision trees and/or other types of Al and/or ML models, the
machine learning engine 210 may use one or more machine learning algorithms, including a
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random forest algorithm, a support vector machine (SVM) algorithm, a gradient boosting
machine {GBM) algorithm, a logistic regression algorithm, a linear regression algorithm, a
naive Bayes algorithm, a k- Nearest Neighbors (kNN) algorithm, a k-means algorithm, a
dimensionality reduction algorithm algorithm, a Markov decision process (MDP) algorithim,
a deep learning algorithm, a convolutional neural network (CNN) algorithm, a time delay
neural network (TDNN) algorithm, a probabilistic neural network (PNN), other algorithims,
or some combination thereof. In some cases, certain decision trees and/or other types of
Al/ML models may be input manually by an expert 105 via the expert user interface 115 of
the expert device 110.  In other cases, one of the above-discussed machine learning
algorithms may be used by the machine learning engine 210 to generate a decision tree
and/or other type of AFML model, which may be shown during or after generation to one or
more experts 105 so that the one or more experts 105 can optionally assist with or supervise
generation of the decision tree and/or other type of AI/ML model, or medify the decision
tree and/or other type of AI/ML model after generation.  In other cases, one of the above-
discussed machine learning algorithms may be used by the machine learning engine 210 to
generate a decision tree and/or other type of A/ML model, which may be used right away
by the machine learning engine 210 to generate predicted outcomes 540 without supervision,
assistance, or modification by any experts 105.

{0063] In some cases, the AI/ML models may be imported into the machine learning engine
210 {e.g., from another machine learning engine of another data analysis system 205) or
exported from the machine learning engine 210 to be imported into another machine
learning engine (e.g., allowing a user to sell, trade, or otherwise provide one or more of the

AT/ML models to another user).
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{0066] The dataset analysis system 205 may inchide one or more computing devices 1500 as
illustrated in FIG. 15 and as discussed with respect to FIG. 15. In some cases, the dataset
analysis system 205 may include a subset of the components of the computing device 1500
ilhastrated in FIG. 15 and/or as discussed with respect to FIG. 15, While the dataset analysis
systermn 205 is ilustrated as a separate computing device or set of computing devices from
the expert device 110, the dataset generation system 135, and the query device 425, in some
cases, at least a subset of these systems may be co-located on a set of one or more computing
devices, or may share one or more computing devices in common.

{6067} FICG. 3 is a block diagram illustrating scaling of amount of simulated patient datasets
used in a training dataset based on reputation scores.

{0068] A training dataset 390, which may be an example of a training set 290 of FIG. 2, is
illustrated being input into the training module 215 to train the machine learning engine 210.
The training dataset 390 may be generated by the dataset analysis system 205, by the dataset
generation system 135, or some combination thereof. The training dataset 390 includes a set
315 of fifty simulated patient datasets from a first simulated patient population dataset 305A
generated using patient population source seed from first expert 3084, and a set 320 of
twenty simulated patient datasets from a second simulated patient population dataset 3058
generated using patient population source seed from second expert 308B. This discrepancy
(fifty vs. twenty) may be based on reputation scores as discussed previously.

{0069] The dataset analysis system 205 analyzes the metadata stored in the first simulated
patient population dataset 305A to identify an expert reputation 350A of the first expert
308A, which is identified as a high 80 out of a possible 100, and to identify a simulated
patient population dataset reputation score 355A of the tirst simulated patient population
dataset 305A, which is identified as a medium 60 out of a possible 100. The dataset analysis
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system 205 analyzes the metadata stored in the second simulated patient population dataset
3058 to identify an expert reputation 3508 of the second expert 3088, which is identified as a
low 30 out of a possible 100, and to identify a simulated patient population dataset
reputation score 355B of the second simulated patient population dataset 3058, which is
identified as a low 40 out of a possible 100. These analyses may alternately be performed by
the dataset generation systerm 135 in some cases. The training dataset 390 thus draws a
smaller set 320 of twenty simulated patient datasets from the second simulated patient
population dataset 305B and a larger set 315 of fifty simulated patient datasets from the first
sunulated patient population dataset 305A based on the high reputation scores 350A and
355A, and based on the low reputation scores 350B and 355B. In some cases, where both
expert reputation scores 350 and simulated patient population dataset reputation scores 355
are used, they may be averaged together for easier comparison between different simulated
patient population datasets.

{0670} FIG. 4 is a block diagram illustrating cross-validation of predicted outcomes
generated using the machine learning engine against expert-provided outcomes.

{0071] During the cross-validation process 400 of FIG. 4, a simulated patient dataset 405 is
pulled from a simulated patient population dataset. The simulated patient dataset 405
includes features 410, outcomes 415, and metadata 418. The simulated patient dataset 405 is
modified via removal of the outcomes 415 and optionally the metadata 418 to become the
modified simulated patient dataset 420 that includes the features 410 and optionally the
metadata 418 without the cutcomes 415. The moditied simulated patient dataset 420 then
behaves like a query dataset 510. The modified simulated patient dataset 420 is input into a
query module 425 of the machine learning engine 210, similarly to how the query dataset
510 is in FIG. 5. The machine learning engine 210 identifies the features 410 and their
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corresponding feature values and queries the various models 270A-D to generate one or
more predicted outcomes 430 based on the features 410.

{0072] Cross-validation 440 is then performed, optionally by the dataset analysis system 205
and/or by another systern not pichured. During cross-validation 440, each predicted outcome
of the one or more predicted outcomes 430 is compared with the outcomes 415 that were
originally in the sirmulated patient dataset 405. 1f one of the predicted outcomes 430 matches
one of the outcomes 415, then that predicted outcome 430 is identified as a match 470.
Optionally, in the event of a match 470, the dataset analysis system 205 may increase an
expert reputation score 350 of the expert that provided the patient population source seed
120 for the simulated patient population dataset from which the simulated patient dataset
405 is drawn. Optionally, in the event of a match 470, the dataset analysis system 205 may
increase a simulated patient population score 355 of the simulated patient population
dataset from which the simulated patient dataset 405 is drawn.

{0673} If one of the predicted outcomes 430 does not match any of the outcomes 415, then
that predicted outcome is identified as no match 480. Optionally, in the event of no match
480, the dataset analysis systern 205 may decrease an expert reputation score 350 of the
expert that provided the patient population source seed 120 for the simulated patient
population dataset from which the simulated patient dataset 405 is drawn. Optionally, in the
event of a match 470, the dataset analysis system 205 may decrease a simulated patient
population score 355 of the simulated patient population dataset from which the simulated
patient dataset 405 is drawn. As discussed above, any increases or decreases in these

reputation scores 350/355 may result in re-generation of the training dataset 290 and re-
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{0674] Incorrect matches may refer both to outcomes and corresponding probabilities or
recommendation strength values. For example, if the predicted cutcomes 430 include an
outcome indicating “lung cancer” and a probability of 40%, while the cutcomes 415 include
an outcome indicating “lung cancer” and a probability of 70%, then the training module 215
may tune or modify one or more of the models so that the features 410, if present again in a
query dataset 510, will output in resulting predicted outcomes 540 an outcome indicating
“lung cancer” and a probability of 70% (not 40%). Similarly, if the predicted outcomes 430
include an outcome indicating “pulmonary function test” and a recommendation strength of
20%, while the outcomes 415 include an outcome indicating “pulmonary function test” and
a recommendation strength of 42%, then the training module 215 may tune or modify one or
more of the models so that the features 410, if present again in a query dataset 510, will
output in resulting predicted outcomes 540 an outcome indicating “pulmonary function
test” and a recommendation strength of 42% (ot 20%).

{0675] If the predicted outcomes 430 are missing a particidar outcome present in the
outcomes 415, the then the training module 215 may tune or modify one or more of the
models so that the features 410, if present again in a query dataset 510, will output in
resulting predicted outcomes 540 that particular outcome with the outcome value present in
the outcomes 415. [t may do so, in some cases, by re-generating the training dataset 290 atter
modifying which simulated patient datasets are inchuded in the fraining dataset 290, so
ensure that simulated patient datasets with the missing outcome are included. The experts
135 may be asked via the expert user interface 115 to provide a new patient population
source seed 120 for a new simulated patient population dataset with the missing cutcome
included if none exist. If the predicted outcomes 430 include an additional outcome that is

missing from the outcomes 415, the then the training module 215 may tune or modify one or
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more of the models so that the features 410, if present again in a query dataset 510, will not
cutput the additional outcome in the resulting predicted outcomes 540.

{0076] While the cross-validation operations 400 are only illustrated for a single simulated
patient dataset 405, it should be understood that the cross-validation operations 400 may be
repeated for any number of simulated patient datasets 405 in a simulated patient population
dataset, or in a training dataset 290 with multiple simulated patient population datasets. In
some cases, the modified simulated patient dataset 420 and/or outcomes 415 are provided by
an expert 105 before and/or during cross-validation operations 400 rather than being pulled
from existing simulated patient population dataset(s).

{0077] The cross-validation operations 400, and re-generation of the training dataset 290 to
change included simulated patient datasets, may in some cases be used to tune the machine
learning engine 210 to reduce false positives and false negatives in the predicted outcomes.
A false positive in the context of the machine learning engine 210 may include an outcome
indicating that a particular diagnosis is likely when that diagnosis should not be likely. A
false positive may also include an outcome recommending a fest or treatment that should
not be recommended, or more strongly than the test or treatment should be recommended.
A false negative in the context of the machine learning engine 210 may include an outcome
not mentioning a particular diagnosis at all, or mentioning that the diagnosis is unlikely,
when that diagnosis should be likely. A false negative may also include an outcome not
recommending a test or treatment that should be recommended, or weakly recommending a
test or treatment that should be recommended more strongly. Reducing the rate of false
positives and/or of false negatives may be identified by an increase in area under a receiver
operating characteristic {ROC) curve (AUC) assodiated with the machine learning engine
210, as greater AUC denotes greater accuracy in classification.
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{0678] FIC. 5 is a block diagram illustrating generation of predicted outcomes based on a
query.

{0079] The block diagram 500 of FIG. 5 includes a query device 520 and the dataset analysis
system 205. One or more querying users 505 interact with the query device 520 through a
query user interface (Ul 525, providing a query dataset 510 to the query device 520 through
a query user interface (Ul 525. The query dataset 510 may identify one or more features and
one or more feature values for those features, as in the example query dataset 710 of FIG. 7A.
The query device 110 may then send the query dataset 510 to the query module 420 of the
machine learning engine 210 of the dataset analysis system 205, The query module 420
queries the various models 270A-D of the machine learning engine 210. Hach model of the
models 270A-D may be tailored to a particular outcome (e.g., particular diagnosis,
recomrunended test, recommended treatment, etc.). Therefore, each model, when queried
with the features from the query dataset 510, identifies whether the outcome that the model
is tatlored to is a predicted outcome or not. In this way, the machine learning engine 210
generates a set of one or more predicted outcomes 540 based on the query dataset 510, An
example format for the one or more predicted outcomes 540 is iustrated in FIG. 6.

{0080] The one or more predicted outcomes 540 are provided from the dataset analysis
system 205 to the query device 520. Upon receipt of the one or more predicted outcomes
540, the query device 520 renders and displays the one or more predicted outcomes 540 for
the one or more querying users 505 to review, optionally through the query Ul 525. In some
cases, the one or more querying users 305 may input feedback 550 about the one or more
predicted outcomes 540 into the query device 520 upon reviewing the one or more predicted

outcomes 540, optionally through the query Ul 525. The feedback 5350 may include feedback
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for the entire set of one or more predicted outcomes 340. The feedback 550 may include
feedback for each predicted outcome of the set of one or more predicted outcomes 540.

{0081} If the feedback 350 for one or more of the predicted cutcome 540 is positive, the
training dataset 290 and any models 270A-D that were produced based on fraining from the
training dataset 290 may be maintained as-is. In some cases, positive feedback 550 on the
predicted outcomes 340 may increase one or more expett reputation scores 350 of one or
more experts, if the models 270A-D that generated the predicted outcomes 540 were based
on one or more simulated patient population datasets whose patient population source
seeds were provided by those experts. In some cases, positive feedback 550 on the predicted
outcomes 340 may increase one or more sinulated patient population dataset reputation
scores 355 of one or more simulated patient population datasets, if the models 270A-D that
generated the predicted outcomes 340 were based on the one or more simulated patient
population datasets. If reputation scores 350 and/or 355 are increased, the training dataset
290 may be re-generated as discussed above, as amounts of simulated patient datasets
included within the training dataset 290 from simulated patient population datasets may be
modified.

{0082} If the feedback 550 for one or more of the predicted outcome 540 is negative, the
training dataset 290 and any models 270A-D that were produced based on training from the
training dataset 290 may be re-tuned and re-generated. In some cases, negative feedback 550
on the predicted cutcomes 540 may decrease one or more expert reputation scores 350 of one
or more experts, if the models 270A-D that generated the predicted outcomes 5340 were
based on one or more simulated patient population datasets whose patient population
source seeds were provided by those experts. In some cases, negative feedback 550 on the
predicted outcornes 540 may decrease one or more simulated patient population dataset
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reputation scores 355 of one or more simulated patient population datasets, if the models
270A-D that generated the predicted cutcomes 540 were based on the one or more simulated
patient population datasets. If reputation scores 350 and/or 355 are decreased, the training
dataset 290 may be re-generated as discussed above, as amounts of simulated patient
datasets included within the training dataset 290 from simulated patient population datasets
may be modified.

{6083} Considerable technical benefits are provided by generating a simulated patient
population dataset 140 as illustrated in FIG. 1, using the simulated patient population
dataset 140 to train a machine learning engine 210 as illustrated in FIG. 2, and using the
trained machine learning engine 210 to provide predicted outcomes 5340 in response to
queries 510 as in FIG. 5. For example, system security and privacy are improved, as no real
patient data is put at risk. Quantity and quality of training data may be improved, as the
similated patient population dataset 140 can generate thousands or millions of simulated
patient datasets maitching particular feature parameters, even if some of those feature
parameters are very rare or uncommon in real world patients. This improvement to
quantity and quality of training data also brings an improvement in accuracy and
confidence, as the machine learning engine 210 is able to output a predicted outcome with
high confidence even in response to a query that requests a predicted outcome based on rare
or uncommon symptoms and/or other features.  This is especially important for rare
cutcomes. For example, generating of a simulated patient population dataset, generated by
methods herein explained, for an outcome of a presence of Goodpasture syndrome, a rare
disease affecting about one in every million people, is the only way to obtain accurate and
dependable training dataset for machine learning models on Goodpasture syndrome. The
incidence of this disease in real patient records and electronic medical health records is so
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low that it approaches data noise levels. In other words, the chances of error, for example of
human data entry error {e.g., during entering diagnosis code into patient records), or
laboratory error when measuring the anti-GBM antibody levels (diagnostic test for the
disease} by mislabeling patient’s specimen, or misdiagnosis, and such, are so high, that
machine learning algorithms may be unable to train effectively on such rare outcomes with
real patient data alone.

{0084] System flexibility and expandability is also improved, as the machine learning
engine 210 can be quickly trained with new outcomes {e.g., newly discovered discases or
treatments) when such new outcomes become available {e.g., through discovery of the new
disease or treatment), and can be quickly trained to recognize new features (e.g., new
symptoms, behaviors) when such new features are available, simply by generating new
simulated patient population dataset(s) based on the new outcomes and/or the new features
and inputting the new simulated patient population dataset(s) into the training module 215
to train the machine learning engine 210.

{0085] Quality and verifiability of predicted outcomes may also be improved, as multiple
experts 105 may independently provide multiple outcomes 125 for the simulated patient
population datasets. Cross-verification 400 as illustrated in FICG. 4, and feedback 550 as

o

illustrated in FIG. 5, may modify reputation scores 350/355, causing re-generation of the
training dataset 290 as discussed with respect to at least FIGs. 1, 2, and 3. This improves
quality and veritiability.

{0086] Returning to a discussion of the guided mode 165 of the expert device 110 of FIG. 1,
sometimes receipt of a query dataset 510 at the query module 425 may trigger the expert Ul
115 request information from one or more experts in the guided mode 165. For example, the

guided mode 165 may be triggered if the machine learning engine 210 is having trouble
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distinguishing between two predicted outcomes 340. For example, the two most likely
diagnoses in the exemplary predicted cutcomes 730 of FIG. 7B have very similar likelihoods:
chronic obstructive pulmonary disease (COPD) with a likelihood of 70% and lung cancer
with a likelihood of 69%. The machine learning engine 210 may understand, based on input
data identifiers and/or similarity in associated features and/or feature values, that COPD
and lung cancer are both pulmonary diseases and are both potentially life-threatening,.
However, since both are being output at similar likelihoods, and both require different
treatments, such predicted outcomes 540 are a suboptimal results for the querying user
{60877 In such a case, the guided mode 165 may request information from the one or more
experts 105 via the expert Ul 115 of the expert device(s) 110, In the guided mode 165, the
expert Ul 115 may first ask the one or more experts 105 about their level of
tamiliarity/experience with COPD and with lung cancer. If an expert 105 responds highly
{e.g., above a predetermined threshold) to both, the expert Ul 115 in the guided mode 165
may indicate to the expert 105, for example:

Machine learning engine 210 sometimes has difficulty distinguishing
efficiently between lung cancer and chronic obstructive pulmonary disecase
(COPD). The 5 most important features, or dlinical findings, for the presence
of hung cancer, as determined by the machine learning engine 210 are:
history {or no history) of smoking, presence {or not} of heavy cough, having
{or not) normal of chest x ray, gender, and having (or not) family history of
hing cancer and patient’s age (total 5). The 5 most important features, or
clinical findings, for the presence of chronic obstructive pulmonary disease
(COPD), as determined by the machine learning engine 210 are: presence (or
not) of heavy cough, having (or not) normal chest x ray, history (or no
history) of smoking, age, and gender. Can vou think of one more feature
besides those listed above, or other predictor such as a diagnostic test or
finding on a physical examination or medical history, that can further

differentiate between COPD and lung cancer?
3
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{0088] In response to receiving an answer to this question from the expert 105 that identifies
another feature or predictor, the expert Ul 115 in the guided mode 165 may interact with the
dataset generation system 135 to automatically generate a new patient population source
seed for a new simulated patient population dataset based on the feature or predictor in the
answer. For example, the expert 105 may answer by identifying a test to undergo, namely
“chest (T scan.” The guided mode 165 may request information as to possible feature
values or categories for the feature “chest CT scan” if they do not already exist, and their
associations with COPD and/or lung cancer. The expert 105 may answer that 90% of
patients with lung cancer correspond to a feature value “positive for mass, tumor, or other
tindings suggesting lung cancer” for the “chest CT scan” feature, and that 10% of patients
with lung cancer correspond to a feature value “negative for findings typical for lung
cancer” for the “chest CT scan” feature. The expert 105 may answer that 10% of patients
with COPD correspond to the feature value “positive for mass, tumor, or other findings
suggesting lung cancer” for the “chest CT scan” feature, and that 90% of patients with
COPD cancer correspond to the feature value “negative for findings typical for lung cancer”
for the “chest CT scan” feature.

{0089] The expert Ul 115 in the guided mode 165 may also be triggered by receipt of the
query dataset 510 at the query module 425 if the query dataset 510 mentions one or more
features or feature values that are previously unknown to the machine learning engine 210.
In such a case, the guided mode 165 may cause the dataset analysis system 205 to send the
query dataset 510 to the expert device 110 and request input from the one or more experis
105 regarding the previously-unknown features and/or teature values. Alternately, the
guided mode 165 may identify the previously-unknown features to the expert device 110

and request that the one or more experts 105 provide one or more patient population source

39



WO 2020/077163 PCT/US2019/055747

seeds with which to generate one or more simulated patient population datasets using the
previously-unknown features, or answer questions so that the expert Ul 115 in the guided
mode 165 may automatically generate one or more patient population source seeds with
which to generate one or more simulated patient population datasets using the previously-
unknown features, so that the machine learning engine 210 can be trained using these newly
generated simulated patient population datasets with the previously-unknown features to
learn to understand which outcomes are associated with which feature values of the
previously-unknown features.

{6090] The query device 520 may include one or more computing devices 1500 as illustrated
in FIG. 15 and as discussed with respect to FIG. 15. In some cases, the query device 520 may
include a subset of the components of the computing device 1500 illustrated in FIG. 15
and/or as discussed with respect to FIG. 15, While the query device 520 and the and/or the
dataset analysis system 205 are illustrated as separate computing devices and/or separate
sets of computing devices in FIG. 5, in some cases the query device 520 and the dataset
analysis system 205 may be co-located on a single set of one or more computing devices
1500, or may share one or more computing devices 1500 in comumon. In some cases, the
dataset analysis system 205 may be alternately referred to as a datasct analysis module, a
dataset analysis device, a patient simulation system, a patient simulation module, or a
patient simulation device.

{0091] In some cases, the querying users 505 may also receive reputation scores of their
own. Reputation scores for the a querying user 505 may impact how much positive or
negative feedback 550 from the querying user 305 impacts re-selection of simulated patient
datasets for the training dataset 290. For example, feedback 550 from a querying user 505
with a high reputation score (e.g., above a threshold reputation score} may cause the dataset
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analysis system 205 to modify the number of simulated patient datasets drawn from a
certain simulated patient population dataset for the training dataset 290 by more than
teedback 550 from a querying user 505 with a low reputation score {e.g., below a threshold

)

reputation score).
{00692} FIG. 6 illustrates a sample format for predicted outcomes.

{0093] The outcomes 600 of FIG. 6 provide a format that may be used to predicted outcomes
540.

{0094] The outcomes 600 may include likely diagnoses 610 with likelihood probabilities. In
the outcomes 600 of FIG. 6, these include a first diagnosis for a first discase 650A with a first
likelihood probability 655A, a second diagnosis for a second disease 650B with a second
likelihood probability 6558, up to an Nth diagnosis for an Nth disease 6507 with an Nth
likelihood probability 6552Z.

{0095] The outcomes 600 may incdude recommended tests 615 with recommendation
strengths.  In the outcornes 600 of FIG. 6, these include a first test 660A with a first
recommendation strength 6654, a second test 660B with a second recommendation strength
6658, up to an Nth test 6607 with an Nth recommendation strength 6657,

{0096] The outcomes 600 may include recommended treatments 620 with recommendation
strengths.  In the outcomes 600 of FIC. 6, these include a first treatment 640A with a first
recommendation strength 645A, a second treatment 6408 with a second recommendation
strength 6458, up to an Nth treatment 6402 with an Nth recommendation strength 6452,
{0697} The outcomes 600 may include identifications of features 625 that factor most into a
particular diagnosis (of the diagnoses 610) with levels of importance. In the outcomes 600 of

FIG. 6, these include a first feature 670A with a first level of importance 675A, a second
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teature 670B with a second level of importance 6758, up to an Nth feature 6707 with an Nth
level of importance 675Z.

{0098] The outcomes 600 may include identitications of features 630 that factor most into a
particular test recommendation {of the recommmended tests 615) with levels of importance.
In the outcomes 600 of FKG. 6, these mnclude a first feature 680A with a first level of
importance 6854, a second feature 680B with a second level of importance 6858, up to an
Nth feature 68072 with an Nth level of importance 68527,

{0099] The outcomes 600 may include identifications of features 630 that factor most info a
particular treatment recommendation (of the recommended treatiments 620) with levels of
importance. In the outcomes 600 of FIG. 6, these include a first feature 690A with a first
level of importance 6954, a second feature 690B with a second level of importance 6958, up
to an Nth feature 6907 with an Nth level of importance 6957,

{00100 FIG. 7A is a block diagram illustrating generation of predicted outcomes based on an
exernplary query.

{00101} In particular, the block diagram 700 of FIG. 7A is a variant of the block diagram 500
of FIG. 5 with examples of various elements. For example, the query dataset 710 of FIG. 7A
is an example of the query dataset 510 of FIG. 5. The query dataset 710 identifies five
features and five corresponding feature values. The first feature identified in the query
dataset 710 is age, for which the corresponding feature value is given as 60. The second
feature identified in the query dataset 710 is “heavy cough with thick mucus,” for which the
corresponding (boolean) feature value is given as true. The third feature identified in the
query dataset 710 is “heavy smoker,” for which the corresponding (boolean) feature value is
given as true. The fourth feature identified in the query dataset 710 is “Chest X-ray,” for
which the corresponding (category) feature value is given as “Normal.” The fifth feature
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identified in the query dataset 710 is “wheezing,” for which the corresponding (boolean)
feature value is given as false.  As in FIG. 5, the querying users 505 input the query dataset
710 into the query device 520, which sends the query dataset 710 to the query module 520 of
the machine learning engine 210 of the dataset analysis systern 205.

{00102} In this particular non limiting example, the machine learning engine 210 of the
dataset analysis system 205 of FIG. 7A includes seven identified AI/ML models, each
corresponding to a particular outcome.  The models of the machine learning engine 210 of
FIG. 7A incdlude a COPD model 7204, an asthma model 720B, a lung cancer model 720C, a
flu model 720D, a pulmonary function test model 720E, a complete blood count model 720F,
a magnetic resonance imaging (MRI) model 720G, Other models may also exist that are not
illustrated in FIG. 7A for the sake of simplicity, as discussed further with respect to FIG. 7B.
{00103] The machine learning engine 210 of the dataset analysis system 205 queries each of
the models 720A-G with the query dataset 710, and, based on the results of these queries,
outputs a set of one or more predicted outcomes 730 generated based on the query dataset
710. An example of the predicted outcormnes 730 is illustrated in FIG. 7B. As in FIG. 5, the set
of one or more predicted outcomes 730 are sent from the dataset analysis system 205 to the
query device 520. Upon receipt of the set of one or more predicted outcomes 730, the query
device 520 renders and displays the set of one or more predicted outcomes 730 for the one or
more querying users 505 to review. In response, the one or more querying users 505 input
feedback 750 on the one or more predicted outcomes 730 into the query device 520. The
query device sends the feedback 750 to the dataset analysis system 205, which provides the
feedback 750 to the machine learning engine 210, and optionally tunes one or more models
of the machine learning engine 210 based on changes to the metadata (expert reputation 350,
simulated patient population dataset reputation score 355} as discussed with respect to FIG.
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5. The training dataset 290 may be re-generated when metadata is updated. An amount of
simulated patient datasets from a simulated patient population dataset that are included in
the training dataset may be a function of the expert reputation score 350 and/or simulated
patient population reputation 355 and/or of the initial count 218 thow many were generated
in the population) and/or of characteristics of the machine learning engine 210. For example,
if population has poor reputation, only 5% of simulated patient datasets from that
population will find their way into the training dataset. When a training dataset 290 is re-
generated. the machine learning engine then does the training all over again using the re-
generated training set.

{00104] FIG. 7B illustrates exemplary predicted outcomes generated based on the exemplary
query of FIG. 7A.

{00105] The set of predicted cutcomes 730 generated based on the query dataset 710 of FIG
7B are an example of the outcomes 600 of FIG. 6.

{00106] The predicted outcomes 730 may include likely diagnoses 735 with likelihood
probabilities. In the predicted outcomes 730 of FIG. 7B, these include a diagnosis for COPD
740A with a likelihood probability 742A of 70%, a diagnosis for lung cancer 740B with a
likelihood probability 742B of 65%, a diagnosis for asthma 740C with a likelihood
probability 742C of 10%, and a diagnosis for the flue 740D with a likelihood probability
7420 of 5%. The diagnosis for COPD 740A and the likelihood probability 742A may be
generated using the COPD model 720A. The diagnosis for asthma 740C and the likelihood
probability 742C may be generated using the asthma model 720B. The diagnosis for hing
cancer 740B and the likelihood probability 742B may be generated using the lung cancer
model 720C. The diagnosis for the flu 740D and the likelihood probability 742D may be
generated using the flu model 720D,
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{00107} The predicted outcomes 730 may include recommended tests 745 with
recommendation strengths. In the predicted cutcomes 730 of FIG. 7B, these include a
pulmonary function test 750A with a recommendation strength 752A of 42%, a complete
blood count test 750B with a recommendation strength 752B of 10%, and a magnetic
resonance imaging (MRI) test 750C with a recommendation strength 752C of 6%. The
recommendation for the pulmonary function test 750A and the recommendation strength
752A may be gencrated using the pulmonary function test model 720H.  The
recommendation for the complete blood count test 7508 and the recommendation strength
7528 may be generated using the complete blood count model 7205, The recommendation
for the MRI test 750C and the recommendation strength 752C may be generated using the
MRI model 720G.

{00108] The predicted outcomes 730 may include identifications of features 755 that factor
most into the COPD diagnosis 740A with the 70% likelihood probability 742A, along with
levels of importance. In the predicted outcomes 730 of FIG. 7B, these mnclude a “heavy
cough” feature 760A with an effect on likelihood of diagnosis 762A being an increase of 24%,
a “normal chest X-ray” feature 760B with an etfect on likelihood of diagnosis 762B being an
increase of 21%, and a “history of smoking” feature 760C with an effect on likelihood of
diagnosis 762 being a increase of 20%. In some cases, the features 755 may be identified
using the COPD model 720A.

{00149] These percentage effects may be identified, for example, based on risk percentages in
one category subtracted from risk percentages from other categories. For example, if risk of
breast cancer in females is 90% and risk of breast cancer in males is 10%, then being female
has a +80% cffect on likelihood of breast cancer (90%-10%), and being male has a -80% ettect
on likelihood of breast cancer (10%-90%). For a feature with more possible feature values,
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57

such as a “cough” feature whose values may be “light,” “medium,” and “heavy,” then an
average of the risks at the feature values whose effects are not being determined are
subtracted from the risk at the feature value whose effect is being calculated. For example, if
“heavy” cough has a 90% risk of hung cancer, “medivm” cough has a 20% risk of lung
cancer, and “lght” cough has a 10% risk of lung cancer, then the effect on risk of hung cancer
of a "heavy” cough is +75% (90% - 15%, where 15% is an average of 10% and 20%).

{00110} The predicted outcomes 730 may include identifications of features 765 that factor
most into the lung cancer diagnosis 7408 with the 65% likelihood probability 742B, along
with levels of importance. In the predicted outcomes 730 of FIG. 7B, these include a “history
of smoking” feature 770A with an effect on likelihood of diagnosis 772A being an increase of
30%, a “heavy cough” feature 770B with an effect on likelihcod of diagnosis 772B being an
increase of 24%, and a “normal chest X-ray” feature 770C with an effect on likelihood of
diagnosis 772C being a decrease of 11%. In some cases, the features 755 may be identified
using the hung cancer model 720C.

{00111 The predicted outcomes 730 may include identifications of features 775 that factor
most into the asthma diagnosis 740C with the 10% likelihood probability 742C, along with
levels of importance. In the predicted outcomes 730 of FIG. 7B, these include a “lack of
wheezing” feature 780A with an effect on likelihood of diagnosis 782A being a decrease of
20%, a “heavy cough with mucus” feature 7808 with an effect on likelihood of diagnosis
7828 being a decrease of 13%, and a “normal chest X-ray” feature 780C with an effect on
likelihood of diagnosis 782 being a decrease of 11%. In some cases, the features 755 may be
identified using the lung cancer model 720C.

{00112] The predicted cutcomes 730 may include folow-on questions 785 for the one or more

querying users 505, The follow-on questions 785, if answered, may potentially allow the
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machine learning engine 210 to provide more accurate predicted outcomes. In the predicted
outcomes 730 of FIG. 7B, these follow-on questions 785 include a question 790A asking if
there is family history of lung cancer and a question 790B asking if there is the patient is
male or fernale. Both may be answered within the predicted outcomes 730 as illustrated in
FIG. 78, which may be representative of how the predicted outcomes 730 may be displayed
through the query Ul 525 that also accepts inputs {e.g., to answer the follow-on questions
785) from the querying users 505. Folow-on questions may be generated and presented to
the gquery user 505 by identifying features that have a high effect on one or more outcomes
but that are not provided in the query dataset 710. By receiving the follow-on questions, the
query user 505 may then know to add such information to the next query dataset if the
query user 505 is able to find this information. If two outcomes have likelihood probabilities
or recommendation strengths that are within a predetermine range (e.g., 10%) of one
another, such as the COPD diagnosis 740A having the 70% likelihood probability 742A and
the lung cancer diagnosis 740B having the 65% likelihood probability 742A, then a follow-on
question may be generated and presented to the query user 505 to help differentiate those
two oufcomes more.

{00113} The predicted outcomes 730 may include recommended treatments 792 with
recommendation strengths. In the predicted outcomes 730 of FIG. 7B, these include a drug
treatment 795A with a recommendation strength 798A of 35%, a surgery treatment 7958
with a recommendation strength 798B of 12%, and a vitamin treatment 795C with an
recommendation strength 798C of 4%.

{00114] While the predicted outcomes 730 do not illustrate identifications of features that
factor most into each of the flu diagnosis 740D with the 5% likelihood probability 742D (of
the diagnoses 735) with levels of importance, it should be understood that this may be
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included. While the predicted outcomes 730 to not illustrate identifications of features that
factor most into each of the test recommendations (of the recommended tests 745) with
levels of importance, it should be understood that these may be included. While the
predicted outcomes 730 to not illustrate identifications of features that factor most into each
of the treatment recommendations {of the recommended treatments 792) with levels of
importance, it should be understood that these may be included.

{00115} In some cases, the outcomes here may be hmited to the top N outcomes based on
probability or strength. For example, if another disease diagnosis has only a 1% or 2%
likelihood probability, it may be omitted from the list of diagnoses 735. Similarly, if another
recommended fest has only a 1% or 2% recommendation strength, it may be omitted from
the list of recommended tests 745. Similarly, if another recomumended treatment has only a
1% or 2% recommendation strength, it may be omitted from the list of recommended
treatments 792,

{00116] FIG. 8 illustrates an example of an expert user interface for analyzing an information
source via an assisted/supervised natural language processing (NLP) operation.

{00117} In particular, an example 800 of an expert Ul 115 for analyzing an information
source 810 via the assisted/supervised NLP mode 170 is illustrated in FIG. 8. A source 815 is
given as the National Center for Biotechnology Information, and a hyperlink is provided.
The type of source 820 is identified as abstract, a journal, and a publication. The source may
be associated with a particular outcome 825, which in this case is a lung cancer diagnosis,
which may correspond to an outcome identifier (ID) of “Lung(a” in the training dataset 290.
{00118] The NLP algorittum identifies four features within the information scurce such that
parsing of the information socurce ties these four features to the lung cancer diagnosis
cutcome 825, These four features are identifies as symptoms, namely hemoptysis, dyspnea,
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cough, and chest pain. Odds ratios for having the outcome 825 based on each of the features
are also found by the NLP algorithim, with hemoptysis indicating a 6:39 odds ratic of having
the outcome 825, dyspnea indicating a 2:73 odds ratio of having the outcome 825, cough
indicating a 2:64 odds ratio of having the outcome 825, and chest pain indicating a 2:20 odds
ratio of having the outcome 825. All four features are identitied as having (boolean)
categorical feature values with possible category values being “ves” and “no.”

{00119} The NLP algorithm identifies that Hemoptysis and dyspnea are new and do not
already appear as features in the training dataset 290, while cough already appears as a
feature in the training dataset 290, and chest pain likely appears as a feature in the training
dataset 290 (since “chest pains” appears). Checkboxes appear next to each feature to insert
or keep the feature in the training dataset 290, allowing one or more experts 105 to assist or
supervise. Varius other custontizations are alsc permitted by the NLP algorithm, allowing
one or more experts 105 to assist or supervise, for example editing odds ratios, editing
possible category values, choosing how each feature will be handled, and creating a new
outcome identifier for the outcome 825.

{06120} FIG. 9 illustrates an example decision tree that may be used in generating predicted
outcomes.

{00121} The decision tree 900 concerns a particular outcome - specifically, an anemia
diagnosis. The decision tree 900 may be automatically gencrated by the machine learning
engine 210 as at least part of an AI/ML model concerning the outcome of an anemia
diagnosis, and may be generated based on training of the machine learning engine 210 using
one or more simulated patient population datasets. The decision tree 900 may be generated,
for example, using a random forests algorithm, or any other AT or ML algorithm otherwise
discussed with respect to the machine learning engine 210. It should be understood that the

49



WO 2020/077163 PCT/US2019/055747

decision tree 900 may be a simplified variant of a decision tree or other AI/ML muodel
concerning the outcome of an anemia diagnosis. For example, percentages of likelihood are
left out of the decision tree 900 for simplicity, but may be present at each node in the tree.
{00122] The decision tree 900 begins with a first decision 905 - is the patiend female? If
features of the query dataset 510 being analyzed using the decision tree 900 indicate that the
patient is female, then a next decision 910 is reached, asking - is hemoglobin level greater
than 127 If features of the query dataset 510 being analyzed using the decision tree 900
indicate that the hemoglobin level is greater than 12, then a predicted outcome of no anemia
915 is output.

{06123} If, at the decision 910, the features of the query dataset 510 being analyzed using the
decision tree 900 indicate that the hemoglobin level is less than 12, then an outcome 920 is
output requesting that the querying user{(s) 505 order a ferritin level test. A next decision
925 is reached once the ferritin level test is ordered, asking — is ferritin level greater than
12007 If features of the query dataset 510 being analyzed using the decision tree 900 indicate
that the ferritin level is greater than 1200, then a predicted outcome of no iron deficiency 930
is output, indicating that anemia must be from other causes, such as bleeding, vitamin 12
ievels, and folic acid levels.

{00124} i, at the decision 925, the features of the query dataset 510 being analyzed using the
decision tree 900 indicate that the ferritin level is less than 1200, then then a predicted
cutcome of possible iron deficiency anemia 935 is output, indicating that anemia may be due
to iron deficiency, and recommending oral iron treatments and tests of iron level and total
iron binding capacity (TIBC} level.

{00125} If, at the decision 905, the features of the query dataset 510 being analyzed using the
decision tree 900 indicate that the patient is not female, then then a next decision 940 is
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reached, asking — is hemoglobin level greater than 147 If features of the query dataset 510
being analyzed using the decision tree 900 indicate that the hemoglobin level is greater than
14, then a predicted outcome of no anemia 945 is cutput.

{00126] If, at the decision 940, the features of the query dataset 510 being analyzed using the
decision tree 900 indicate that the hemoglobin level is less than 14, then an outcome 950 is
output requesting that the querying user(s) 505 order a ferritin level test. A next decision
955 is reached once the ferritin level test is ordered, asking - is ferritin level greater than
12007 If features of the query dataset 510 being analyzed using the decision tree 900 indicate
that the ferritin level is greater than 1200, then a predicted outcome of no iron deficiency 960
is output, indicating that anemia must be from other causes, such as bleeding, vitamin 12
levels, and folic acid levels.

{00127} If, at the decision 955, the features of the query dataset 510 being analyzed using the
decision tree 900 indicate that the ferritin level is less than 1200, then then a predicted
outcome of possible iron deficiency anemia 965 is output, indicating that anemia may be due
to iron deficiency, and recommending oral iron treatments and tests of iron level and total

iron binding capacity (TIBC) level.

{06128} In some cases, the decision tree 900 may be input manually by one or more experts
105 rather than generated as at least part of a model by the machine learning engine 210. In
some cases, the decision tree 900 may be edited by the one or more experts 105 via the expert

UT 115 of the expert device 910.
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{01291 FIG. 10 illustrates an example expert user interface for generating a patient
population source seed.

{00130} The example 1000 expert user interface 115 for generating the patient population
source seed 120 of FIG. 10 includes controls through which an expert 105 may select feature
parameters 1002 for simulated patients (simulated patient datasets) in a simulated patient
population dataset 1005. A gender feature parameter 1010 includes boxes checked for
“male” and “female” but not “other” or “N/A” indicating that the simulated patient
population 1005 will be generated so that each simulated patient dataset is selected at
random with either a “male” or “female” gender feature value, but not an “other” or a
“N/A” feature value. In some cases, additional controls in the expert user interface 115 may
be present to select a ratio (e.g., 50% male and 50% female). An age feature parameter 1015
identifies an acceptable range of feature values between 47 and 91, indicating that the
simulated patient population 1005 will be generated so that ages for its simulated patient
datasets are each selected at random, optionally according to a probability distribution as in
FIG. 13, within the acceptable range between 47 and 91.

{00131] A body temperature (°F) feature parameter 1020 identifies an acceptable range of
feature values between 96 and 100, indicating that the simulated patient population 1005
will be generated so that body temperatures for its simulated patient datasets are cach
selected at random, optionally according to a probability distribution as in FIG. 13, within
the acceptable range between 96 and 100. A body mass index (BMI) feature parameter 1025
identifies an acceptable range of feature values between 27 and 45, indicating that the
simuilated patient population 1005 will be generated so that BMI values for its simnulated
patient datasets are each selected at random, optionally according to a probability
distribution as in FIG. 13, within the acceptable range between 27 and 45. A pulse rate (beats

52



WO 2020/077163 PCT/US2019/055747

per minute (bpm)} feature parameter 1030 identifies an acceptable range of feature values
between 60 and 95, indicating that the simulated patient population 1005 will be generated
so that pulse rate (bpm) values for its simulated patient datasets are each selected at
random, optionally according to a probability distribution as in FIG. 13, within the
acceptable range between 60 and 95.

{00132] A systolic blood pressure feature parameter 1035 identities an acceptable range of
feature values between 100 and 139, indicating that the simulated patient population 1005
will be generated so that systolic blood pressure values for its simulated patient datasets are
each selected at random, optionally according to a probability distribution as in FIG. 13,
within the acceptable range between 100 and 139. A distolic blood pressure feature
parameter 1040 identifies an acceptable range of feature values between 50 and 84,
indicating that the simulated patient population 1005 will be generated so that distolic blood
pressure values for its simulated patient datasets are cach selected at random, optionally
according to a probability distribution as in FIG. 13, within the acceptable range between 50
and 84.

{00133} A respiratory rate feature parameter 1045 identifies an acceptable range of feature
values between 12 and 18, indicating that the simulated patient population 1005 will be
generated so that respiratory rate values for its simulated patient datasets are cach selected
at random, optionally according to a probability distribution as in FIG. 13, within the
acceptable range between 12 and 18. An arterial Oq saturation (5a02%) feature parameter
1050 identifies an acceptable range of feature values between 94 and 100, indicating that the
simulated patient population 1005 will be generated so that arterial O: saturation (Sa02%)
values for its simulated patient datasets are each selected at random, optionally according to
a probability distribution as in FIG. 13, within the acceptable range between 94 and 100. A
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supplied air O2 % (FiO2%) feature parameter 1055 identifies an acceptable range of feature
values between 21 and 27, indicating that the simulated patient population 1005 will be
generated so that supplied air G2 % (FiO2%) values for its simulated patient datasets are
each selected at random, optionally according to a probability distribution as m FIG. 13,
within the acceptable range between 21 and 27.

{00134] When acceptable ranges of feature values are given in a feature parameter, such as in
the feature parameters 1015, 1020, 10125, 1030, 1035, 1040, 1045, 1050, and 1055, the bounds
of the range may be optionally included in the acceptable range of feature values or
excluded from the acceptable range of feature values. Similarly, if a minimum threshold
feature vahie or a maximum threshold feature value is given in a feature parameter, the
threshold feature value may be optionally included in the resulting acceptable range of
teature values or excluded from the resulting acceptable range of feature values. In some
cases, additional controls in the expert user interface 115 may be present to select a
distribution of ages within the acceptable ranges of feature values, such as a Gaussian
distribution or any other type of distribution discussed herein.

{06135} The example 1000 expert user interface 115 for generating the patient population
source seed 120 of FIG. 10 also incudes outcomes 1060 corresponding to the feature
parameters 1002. The outcomes 1060 identified include acute diagnoses 1065, which here
include pneumonia and pulmunary embolus. Both pneumonia and pulmunary embolus
include a label “pulmumnary” indicating that these are pulmonary diseases — this label may
optionally be present in the simulated patient datasets that will be generated based on the

patient population source seed 120, Other diseases may include other labels for other
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categories of diseases, such as “cardiovascular,” “musculoskeletal,” “gastrointestinal,” and
so forth. The expert 105 may add such a label manually, or the label may be added

54



WO 2020/077163 PCT/US2019/055747

automatically based on previously known information about these diagnoses. Pulmunary
embolus also ncludes a “can’t miss!” label indicating that this diagnosis could be
particularly dangerous and should not be overlooked. Again, the expert 105 may add such a
label manually, or the label may be added automatically based on previously known
information about these diagnoses. In some cases, ant outcome with the “can’t miss!” label
may not be removable from predicted outcomes, even if probabilities are low.

{80136} The outcomes 1060 identified include recommended tests 1070, which here include a
chest computed tomography (CT) scan with intravenous (IV) dye. The outcomes 1060
identified include chronic diseases 1075, which here include chronic nontuberculous
mycobacteria lung infection, which again here is labeled “pulmumnary” based on disease
type, either due to input from an expert 105 or previcusly known information about this
diagnosis. A pull-down menu identifies other chronic diagnoses 1075 that may be selected
by the expert 105 via the expert Ul 115, such as chronic COPD, chronic asthma, Churg-
Strauss syndrome, chronic left ventricle heart failure (LVHEF) , hypertrophic cardiomyopathy
, diated cardiomyopathy , and chronic tricuspid regurgitation (TR).

{06137} The example 1000 expert user interface 115 for generating the patient population
source seed 120 of FIG. 10 also includes a count 1080 of 5,000, indicating that 5,000 simulated
patient datasets will be generated based on the feature parameters 1002 and the outcomes
1060 corresponding to the feature parameters 1002.

{00138]FIC. 11 is a flow diagram illustrating a method of generating and processing
simulated patient information.

{00139] Step 1105 includes receiving one or more feature parameters associated with one or
more features, wherein each feature parameter of the one or more feature parameters
identifies one or more possible values for one feature of the one or more features.
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{00140} Step 1110 includes receiving one or more outcomes corresponding to the one or more
feature parameters.

{00141] Step 1115 includes generating a simulated patient population dataset that includes
one or more simulated patient datasets, wherein each simulated patient dataset of the one or
more simiated patient datasets includes one or more feature values corresponding to the
one or more features, the one or more feature values generated such that each feature value
of the one or more feature values is selected from the one or more possible values for each
feature of the one or more features, wherein each simulated patient dataset of the one or
more simulated patient datasets is associated with the one or more outcomes.

{00142]5tep 1120 training a machine learning engine based on the simulated patient
population dataset, wherein the machine learning engine generates one or more predicted
outcomes based on the training.

{00143] FIG. 12A illustrates a first exemplary simulated patient population dataset.

{00144] The simulated patient population dataset 1200 of FIG. 12A is illustrated as a table
and includes 30 simulated patient datasets. EHach of the 30 simulated patient datasets is
represented in the simulated patient population dataset 1200 as one of the rows underneath
the top row of the table, which identifies column legends. BHach column of the table
identifies cither a feature or an outcome. For a column corresponding to a feature, cach cell
in that column that is in one of the simulated patient datasets includes a feature value
associated with that feature. For a column corresponding to an outcome, each cell in that
column that is in one of the simulated patient datasets includes an outcome value associated
with that outcome.

{00145] The features identified in the simulated patient population dataset 1200 include age
(“Age”), smoking history in pack years (“SmokerHx”), cough (“Cough”), hemoptysis
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("Hemoptysis”), and state of health ("Health”). The outcomes identified in the simulated

FZAY

patient population dataset 1200 include a lung cancer diagnosis {“LungCa”), chronic benign
cough ("BeningChronicCough”), a recommendation for a chest X-ray posteroanterior (PA) +
lateral (“ChestXRayPALat”), and a recommendation for a portable chest X-ray
posteroanterior (PA) ("PortableCxray”). The simulated patient datasets are illustrated with
numeric feature values for all features and numeric outcome values for all outcomes.
However, the outcome values in the simulated patient population dataset 1200 are all
actually Boolean values, as they are all either 0 (false) or 1 (true). Certain features in the
sunulated patient population dataset 1200 also appear to have Boolean feature values
(O=false or I=true), such as state of health. Other features in the simulated patient
population dataset 1200 use numeric feature values, such as age and smoking history in
pack years. Other features in the simulated patient population dataset 1200 use numeric
feature values as stand-in values for categories or severity measurements, such as the cough
and hemoptysis features, which include many “2” and “3” feature values. In the context of
the cough and hemoptysis features the number 1 represents “not available,” the number 2

£

represents “no,” and the number 3 represents “yes.”  Altermately, the mumbers may
represent different degrees of severity of coughing and hemoptysis, respectively, along a
range of severity values.

{00146] FIG. 12B illustrates a second exemplary simulated patient population dataset.

{00147] Like the simulated patient population dataset 1200 of FIG. 12A, the simulated patient
population dataset 1250 of FIG. 12B is illustrated as a table and includes 30 simulated patient
datasets. The columns of the simulated patient population dataset 1250 of FIG. 12B identify
the same features and outcomes as the colurnns of the simulated patient population dataset

1200 of FIG. 12A, and in the same order.
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{3148} One difference between the simulated patient population dataset 1250 of FIG. 12B
and the simulated patient population dataset 1200 of FIG. 12A is that the simulated patient
population dataset 1250 of FIG. 12B includes some feature values that are marked as not
available ("NA”). In the simulated patient population dataset 1200 of FIG. 124, the same
cells were filled in with feature values, which may have been default feature vahues for those
features. For example, the cells in the “Age” column in the simulated patient population
dataset 1250 of FIG. 12B in which data is marked as not available are all filled in with the age
“35” in simulated patient population dataset 1200 of FIG. 12A. Thus, 35 may have been set
as a default age when generating the simulated patient population dataset 1200 of FIG. 1ZA.
Similarly, cells in the "SmokrHx” column in the simulated patient population dataset 1250 of
FIG. 12B in which data is marked as not available are all filled in with the value “0” in
simulated patient population dataset 1200 of FIG. 12A, which may have been set as the
default value for the “SmokrHx” feature when generating the simulated patient population
dataset 1200 of FIG. 12A. Cells in the “Cough” column in the simulated patient population
dataset 1250 of FIG. 12B in which data is marked as not available are all filled in with the
value 2 {"no”) in simulated patient population dataset 1200 of FIG. 12A, which may have
been set as the default value for the “Cough” feature when generating the simulated patient
population dataset 1200 of FIG. 12A. Cells in the "Hemoptysis” column in the simulated
patient population dataset 1250 of FICG. 12B in which data is marked as not available are all
filled in with the value 2 ("no”) in simulated patient population dataset 1200 of FIG. 12A,
which may have been set as the default value for the “Hemoptysis” feature when generating

the simulated patient population dataset 1200 of FIG. 12A.

58



WO 2020/077163 PCT/US2019/055747

001491 FIG. 13A illustrates an exemplary distribution of feature values for a particular
feature within a simulated patient population dataset according to a feature parameter
designating a symmetric Gaussian distribution.

{00150] As discussed with respect to FIG. 1, featuwre parameters 122 may identify
distributions. The example distribution 1300 shown in FIG. 13A represents one or more
sivrrrlated patient population datasets generated using feature parameters 122 that identify a
Gaussian distribution for a “patient body mass index (BM1)” feature, with the mean of the
BMI feature value being 22 kg/m? and the standard deviation of the BMI feature value being
3.5 kg/m?2. The horizontal X axis in the distribution 1300 indicates feature value 1310 - that
is, BMI value. The vertical Y axis in the distribution 1300 indicates a frequency of each
feature value in the one or more simulated patient population datasets generated based on
the feature parameters 122.

{00151 FIG. 14A illustrates an exemplary outcome and feature relationship interface relating
a positive lung cancer diagnosis outcome to various feature parameters, inchuding a focus on
a cough feature.

{06152} The outcome and feature relationship interface 1400 of FIG. 14A may represent
another non limiting example of at least one part of the expert Ul 115. The outcome and
feature relationship interface 1400 identifies information about a particular outcome 1405 -
specifically, a lung cancer diagnosis in FIG. 14A. The outcome and feature relationship
interface 1400 may be part of the expert Ul 115.

{06153} The outcome and feature relationshipinterface 1400 identifies the outcome 1405 as
well as relevant features 1410 for which feature parameters are included in a particular
patient population source seed 120. The patient population source seed 120 here includes
four relevant features 1410 that are identified in FIG. 14A, namely age, SmokerHx,
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hemoptysis, and cough. Of those four relevant features 1410, age is identified by its feature
parameters as ranging from 0 to 130 and having a Gaussian distribution with a mean of 130
and a standard deviation of 30, as represented by the indicator “gaussian | 300, 100, 0, 300.”
SmokerHx is identified by its feature parameters as ranging from 0 to 300 and having a
Gaussian distribution with a mean of 300 and a standard deviation of 100, as represented by
the indicator “gaussian | 130, 30, 0, and 130.” Hewmoptysis is identified by its feature
parameters as having a category distribution in which the feature value 1 {(data unavailable)
corresponds to a 0 percent frequency/probability of the outcome 1405, the feature value 2
(no) corresponds to a 20 percent frequency/probability of the outcome 1405, and the feature
value 3 (yes) corresponds to an 80 percent frequency/probability of the outcome 1405. Cough
is identified by its feature parameters as having a category distribution in which the feature
value 1 {data unavailable} corresponds to a 0 percent frequency/probability of the outcome
1405, the feature value 2 (no) corresponds to a 40 percent frequency/probability of the
outcome 1405, and the feature value 3 (ves) corresponds to an 60 percent
frequency/probability of the outcome 1405.

{00154] The outcormne and feature relationship interface 1400 identifies a highlighted feature
1415 of the relevant features 1410 as being the cough feature, and identifies possible feature
values 1420 for the cough feature being 1 (data unavailable), 2 (no cough present), 3 (ves,
cough present). A count 1425 is identified of 10 patients to be generated in the simulated
patient population dataset based on this patient population seed. A distribution 1445
graphs the 10 patients from the count along a plane. The horizontal X axis of the
distribution 1445 represents feature values 1430 for the highlighted feature 1415 {(coughy

shown ranging from 1 to 4. The vertical Y axis of the distribution 1445 represents expected

60



WO 2020/077163 PCT/US2019/055747

frequency 1435 of distribution of categories for cough feature in the entire simulated patient
population dataset.

{00155 FIG. 14B illustrates an exemplary outcome and teature relationship interface relating
a positive ung cancer diagnosis outcome to various feature parameters, including a focus on
an age feature.

{00156] The outcome and feature relationship interface 1450 of FIG. 14B indudes much of the
same information as was shown in the outcome and feature relationship interface 1440 FiG.
14A, including the lung cancer diagnosis outcome 1405 and the list of four relevant features
1410. In the A/ML model interface 1450, age is the highlighted feature 1460. A count 1465
of 100 patients is used, and a distribution 1485 is illustrated.

{00157 The horizontal X axis of the distribution 1485 of FIG. 13 represents feature values
1470 for the highlighted feature 1460 {age}, which ranges from 0 to 130. The vertical Y axis
of the distribution 1485 represents the expected frequency 1475 of distribution of values for
the age feature in the entire simulated patient population dataset. The resulting distribution
1485 is a skewed asymumetric Gaussian distribution generally showing an increased
frequency of positive lung cancer diagnoses at higher ages.

{00158] In some cases, some of the data discussed herein, including the various simulated
patient datasets, the training dataset 290, and the various models, may be provided to other
systems of one or more computing devices 1500, such as an educational system, a law
system, an insurance system, arnd a patient system. These systems may themselves
implement any of the devices discussed herein, such as the expert device 110, the dataset
generation systern 135, the dataset analysis system 205, the query device 520, another

computing device 1500 or some combination thereof.
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{36159} The educational system may be used for educational purposes. The education system
can, for example, create a set of questions {true or false, multiple-choice or open-ended). For
example, the educational embodiment can use of available simulated patient dataset and
generate true or false, or multiple-choice guestion, as to whether features are relevant to
diagnosing, diagnostic test or treatment. Or the educational embodiment may ask "what is
the best diagnosis” for a set of displayed features with respective values for the features.
{00168] The reputation scores of persons answering questions presented by the educational
embodiment (c.g., in a role of experts 105 or querying users 505 or a similar role) can also be
stored and treated as feedback, similarly to as is feedback 550 from querying users 505, also
to adjust reputation scores 355 for given simulated patient population datasets or reputation
scores 350 for experts 105. Scores may be shared with to users, groups or users, or used to be
compared against scores of other users, groups of users. Groups of user may include
medical students, licensed nurses, physicians, and the like and/or users in spedific
geographical locations. Contests can be organized for groups of persons to compete against
one another for high reputation scores.

{06161} The educational systern can also provide access to medical sources, references, data
sources, names of experts, journal articles, medical textbooks, and the like associated with
given outcomes or features.

{00162] Prizes, including, monetary prizes can be offered by the educational embodiment to
motivate persons to answer questions or otherwise interact, and espedally to provide
teedback.

{00163] The law system is intended to be used by legal professionals (lawyers, legal

specialists, malpractice specialists, patients or patients” families, and the like) to enable

62



WO 2020/077163 PCT/US2019/055747

identification or avoidance of medical malpractice, and in particular misdiagnosis, as a cause
of injury or death of a patient.

{00164} Medical records and related documentation can provide querying data to be
provided by operator of such law system to see if the recommended diagnostic or treatment
path has been followed. If not, adjustments to therapy may be suggested, and if this
happens, after unwanted outcome such law embodiment can help identity possible medical
malpractice or below standard care.

{00165] The insurance system is intended to provide access to the methods here in included,
to insurance-related persons, such as case managers, insurance or claim specialists,
physicians, hospital administration personnel, clinic personnel, and insurance agents and
imsurance comparnies Like the law system, the Insurance embodiment enables doctors, to
tollow the most recommended, and most cost-effective, or otherwise optimized, diagnostic
path. Such path can save resources, or only use these covered within patients insurance
policy.

{00166] The patient system is intended to provide access to the medical diagnosis system to
medical patients, so that patients understand the basis for a diagnosis and if necessary, to
alert the patient to diagnoses associated with high mortality or acuity and the level of follow
up care or help associated with such diagnoses. The patient system can also allow patients
to schedule appointments, receive and transmit encrypted medical records and medical
information, and streamline history taking prior to an appointment. The patient system can
also retrieve and present information about third party support groups or social networks
related to a patient's diagnosis or medical condition, and generate documentation for the
examining physician related to a diagnosis or medical condition based on patients provided
values of features.
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{06167} In some cases, patient embodiment may also store and retrieve information related to
that one patient, including medical history, examination and lab resuits, etc.

{00168} FIG. 15 illustrates an exemplary computing system 1500 that may be used to
implement some aspects of the technology. PFor example, any of the computing devices,
computing systems, nefwork devices, network systems, servers, and/or arrangements of
circuitry described herein may include at least one computing system 1500, or may include
at least one component of the computer system 1500 identified in FIG. 15, The computing
system 1500 of FIG. 15 includes one or more processors 1510 and memory units 1520, Each
of the processor(s) 1510 may refer to one or more processors, controllers, microcontroliers,
central processing umnits (CFPUs), graphics processing units (GPUs), arithmetic logic units
(ALUs), accelerated processing units (APUs), digital signal processors (DSPs), application
specific integrated circuits (ASICs), field-programmable gate arrays (FPGAs), or
combinations thereof. Each of the processor(s) 1510 may include one or more cores, either
integrated onto a single chip or spread across yaltiple chips connected or coupled together.
Memory 1520 stores, in part, instructions and data for execution by processor 1510. Memory
1520 can store the executable code when in operation. The system 1500 of FIG. 15 further
includes a mass storage device 1530, portable storage medium drive(s) 1540, output devices
1550, user input devices 1560, a graphics display 1570, and peripheral devices 1580,

{0016%] The components shown in FIG. 15 are depicted as being connected via a single bus
1590. However, the components may be connected through one or more data transport
means. For example, processor unit 1510 and memory 1520 may be comnected via a local
microprocessor bus, and the mass storage device 1530, peripheral device(s) 1583, portable
storage device 1540, and display system 1570 may be connected via one or more
mput/ocutput (I/0) buses.
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{00170} Mass storage device 1530, which may be implemented with a magnetic disk drive or
an optical disk drive, is a non-volatile storage device for storing data and instructions for use
by processor unit 1510. Mass storage device 1530 can store the system software for
implementing some aspects of the subject technology for purposes of loading that software
into memory 1520.

{00171} Portable storage device 1540 operates in conjunction with a portable non-volatile
storage medium, such as a floppy disk, compact disk or Digital video disc, to input and
output data and code to and from the computer system 1500 of FIG. 15. The system software
for unplementing aspects of the subject technology may be stored on such a portable
medium and input to the computer system 1500 via the portable storage device 1540,

{00172] The memory 1520, mass storage device 1530, or portable storage 1540 may in some
cases store sensitive information, such as transaction information, health information, or
cryptographic keys, and may in some cases encrypt or decrypt such information with the aid
of the processor 1510. The memory 1520, mass storage device 1530, or portable storage 1540
may in some cases store, at least in part, instructions, executable code, or other data for
execution or processing by the processor 1510,

{00173} Output devices 1550 may include, for example, communication circuitry for
outputting data through wired or wireless means, display circuitry for displaving data via a
display screen, audio circuitry for outputting audio via headphones or a speaker, printer
circuifry for printing data via a printer, or some combination thereof. The display screen
may be any type of display discussed with respect to the display system 1570. The printer
may be inkjet, laserjet, thermal, or some combination thereof. In some cases, the output
device circuitry 1550 may allow for tranmsmission of data over an audio jack/plug, a
microphone jack/plug, a universal serial bus (USB) port/plug, an Apple® Lightning®
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port/plug, an Ethernet port/plug, a fiber optic port/plug, a proprietary wired port/plug, a
BLUETOOTH® wireless signal transfer, a BLUETOOUTH® low energy (BLE) wireless signal
transfer, an IBEACON® wireless signal transfer, a radio-frequency identification (RFID)
wireless signal transter, near-tield commumications {(NFC) wireless signal transfer, dedicated
short range commumnication (DSRC) wireless signal transfer, 802.11 Wi-Fi wireless signal
transfer, wireless local area network (WLAN) signal transfer, Visible Light Communication
(VLC), Worldwide Interoperability for Microwave Access (WIMAX), Infrared (IR)
communication wireless signal transfer, Public Switched Telephone Network (PSTN) signal
transfer, Integrated Services Digital Network (ISDN) signal transfer, 3G/4G/5G/LTE cellular
data network wireless signal transfer, ad-hoc network signal transfer, radio wave signal
transfer, microwave signal transter, infraved signal transfer, visible light signal transfer,
ultraviolet light signal transfer, wireless signal transfer along the electromagnetic spectrum,
or some combination thereof. Output devices 1550 may include any ports, plugs, antennae,
wired or wireless transmitters, wired or wireless transceivers, or any other components
necessary for or usable to implement the cormmumnication types listed above, such as cellular
Subscriber tdentity Module (8IM) cards.

{00174] Input devices 1560 may include circuitry providing a portion of a user inferface.
Input devices 1560 may include an alpha-numeric keypad, such as a keyboard, for inputting
alpha-numeric and other information, or a pointing device, such as a mouse, a trackball,
styius, or cursor direction keys. Input devices 1560 may include touch-sensitive surtaces as
well, either integrated with a display as in a touchscreen, or separate from a display asin a
trackpad. Touch-sensitive surfaces may in some cases detect localized variable pressure or
force detection. In some cases, the input device circuitry may allow for receipt of data over
an audio jack, a microphone jack, a universal serial bus (USB) port/plug, an Apple®

66



WO 2020/077163 PCT/US2019/055747

Lightning® port/plug, an Bthernet port/plug, a fiber optic port/plug, a proprietary wired
port/plug, a wired local area network (LAN} port/plug, a BLUETOOTH® wireless signal
transfer, a BLUETOOTH® low energy (BLE) wireless signal transter, an IBEACON®
wireless signal transfer, a radio-frequency identification (RFID) wireless signal transfer,
near-field  commurdcations (NFC) wireless signal transter, dedicated short range
communication (DSRC) wireless signal transter, 802.11 Wi-Fi wireless signal transfer,
wireless local area network (WLAN) signal transfer, Visible Light Communication (VLC),
Worldwide Interoperability for Microwave Access (WiMAX), Infrared (IR} communication
wireless signal transfer, Public Switched Telephone Network (PSTN) signal transfer,
Integrated Services Digital Network (ISDN) signal transfer, 3G/4G/5G/LTE cellular data
network wireless signal transfer, personal area network (PAN) signal transfer, wide area
network (WAN) signal transfer, ad-hoc network signal transfer, radio wave signal transfer,
microwave signal transter, infrared signal transfer, visible light signal transfer, ultraviolet
light signal transter, wireless signal transfer along the electromagnetic spectrum, or some
combination thereof. Input devices 1560 may include any ports, plugs, anterinae, wired or
wireless receivers, wired or wireless transceivers, or any other components necessary for or
usable to implement the communication types listed above, such as cellular 5IM cards.

{00173} Input devices 1560 may include receivers or transceivers used for positioning of the
computing system 1500 as well. These may include any of the wired or wireless signal
receivers or transceivers. For example, a location of the computing system 15300 can be
determined based on signal strength of signals as received at the computing system 1500
from three cellular network towers, a process known as cellular triangulation. Fewer than
three cellular network towers can also be used — even one can be used — though the location
determined from such data will be less precise {(e.g., somewhere within a particular circle for
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one tower, somewhere along a line or within a relatively small area for two towers) than via
triangulation. More than three cellular network towers can also be used, further enhancing
the location’s accuracy. Similar positioning operations can be performed using proximity
beacons, which might use short-range wireless signals such as BLUETOOTH® wireless
signals, BLUETOOTH® low energy (BLE) wireless signals, IBEACON® wireless signals,
personal area network (PAN) signals, microwave signals, radio wave signals, or other
signals discussed above. Similar positioning operations can be performed using wired local
area networks (LAN) or wireless local area networks {WLAN) where locations are known of
one or more network devices in communication with the computing system 1500 such as a
router, modem, switch, hub, bridge, gateway, or repeater. These may also include Global
Navigation Satellite System (GNSS) receivers or transceivers that are used to determine a
location of the computing system 1500 based on receipt of one or more signals from one or
more satellites associated with one or more GNSS systems. GNSS systems include, but are
not limited to, the US-based Global Positioning System (GFPS), the Russia-based Global
MNavigation Satellite Systern (GLONASS), the China-based BeiDou Navigation Satellite
System (BDS), and the Europe-based Galileo GNB5S.  Input devices 1560 may include
receivers or transceivers corresponding to one or more of these GNSS systems.

{00176} Display system 1570 may include a liquid crystal display (LCD), a plasma display, an
organic light-emitting diode (OLED) display, a low-temperature poly-silicon (LTPO)

"

display, an electronic ink or “e-paper” display, a projector-based display, a holographic
display, or another suitable display device. Display system 1570 receives textual and
graphical information, and processes the information for output to the display device. The
display system 1570 may include multiple-touch touchscreen input capabilities, such as

capacitive touch detection, resistive touch detection, surface acoustic wave touch detection,
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or infrared touch detection. Such touchscreen input capabilities may or may not allow for
variable pressure or force detection.

{00177} Peripherals 1580 may include any type of computer support device to add additional
functionality to the computer system. For example, peripheral device(s) 1580 may include
one or more addifional ocutput devices of any of the types discussed with respect to output
device 1550, one or more additional input devices of any of the types discussed with respect
to input device 1560, one or more additional display systems of any of the types discussed
with respect to display system 1570, one or more memories or mass storage devices or
portable storage devices of any of the types discussed with respect to memory 1520 or mass
storage 1530 or portable storage 1540, a modem, a router, an antenna, a wired or wireless
transceiver, a printer, a bar code scanner, a quick-response (“QR”} code scanner, a magnetic
stripe card reader, a integrated circuit chip (JCC) card reader such as a smartcard reader or a
EUROPAY®-MASTERCARD®-VISA® (EMV} chip card reader, a near field cormmunication
(NFC) reader, a document/image scanner, a visible light camera, a thermal/infrared camera,
an ultraviolet-sensitive camera, a night vision camera, a light sensor, a phototransistor, a
photoresistor, a thermometer, a thermistor, a battery, a power source, a proximity sensor, a
laser rangefinder, a sonar transceiver, a radar transceiver, a lidar transceiver, a network
device, a motor, an actuator, a pump, a conveyer belt, a robotic arm, a rotor, a drill, a
chemical assay device, or some combination thereof.

{06178] The components contained in the computer system 1500 of FIC. 15 can include those
typically found in computer systems that may be suitable for use with some aspects of the
subject technology and represent a broad category of such computer components that are
well known in the art. That said, the computer system 1500 of FIG. 15 can be customized
and specialized for the purposes discussed herein and to carry out the various operations
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discussed herein, with specialized hardware components, specialized arrangements of
hardware components, and/or specialized software. Thus, the computer system 1500 of FIG.
15 can be a personal computer, a hand held computing device, a telephone (“smartphone”
or otherwise), a mobile computing device, a workstation, a server (on a server rack or
otherwise), a minicomputer, a mainframe computer, a tablet computing device, a wearable
device (such as a watch, a ring, a pair of glasses, or another type of jewelry or clothing or
accessory }, a video game console (portable or otherwise), an e-book reader, a media player
device (portable or otherwise), a vehicle-based computer, another type of computing device,
or some combination thereof. The computer system 1500 may in some cases be a virtual
computer system executed by another computer system. The computer can also include
different bus configurations, networked platforms, multi-processor plattorms, etc. Various
operating systems can be used including Unix®, Linux®, FreeBSD®, FreeNAS®, ptSense®,
Windows®, Apple® Macintosh O5® ("MacOS®”), Palm O5®, Google® Android®, Google®
Chrome O5®, Chromium® O5®@, OPENSTEP®, XNU®, Darwin®, Apple® i05®, Apple®
tvOS®, Apple® watchO5®, Apple® audio(5®, Amazon® Fire O5®, Amazon® Kindle O5®,
variants of any of these, other suitable operating systems, or combinations thereof. The
computer system 1500 may also use a Basic Input/Output System (BIOS) or Unified
Extensible Firmware Interface (UEFI) as a layer upon which the operating system(s} are run.
{00179 In some cases, the computer system 1500 may be part of a multi-computer system
that uses multiple computer systems 1500, each for one or more specific tasks or purposes
For example, the multi-computer system may include multiple computer systems 1500
communicatively coupled together via at least one of a personal area network (PAN), a local
area network (LAN), a wireless local area network (WLAN}, a municipal area network
(MAN), a wide area network (WAN), or some combination thereof. The multi-computer
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system may further include multiple computer systems 1500 from different networks
communicatively coupled together via the internet {also known as a “distributed” system).

{00180] Some aspects of the subject technology may be implemented in an application that
may be operable using a variety of devices. Non-transitory computer-readable storage
media refer to any medium or media that participate in providing instructions o a central
processing unit (CPU) for execution and that may be used in the memory 1520, the mass
storage 1530, the portable storage 1540, or some combination thereof. Such media can take
many forms, including, but not limited to, non-volatile and volatile media such as optical or
magnetic disks and dynamic memory, respectively. Some forms of non-transitory computer-
readable media include, for example, a floppy disk, a flexible disk, a hard disk, magnetic
tape, a magnetic strip/stripe, any other magnetic storage medium, flash memory, memristor
memory, any other solid-state memory, a compact disc read only memory (CD-ROM)
optical disc, a rewritable compact disc (CD) optical disc, digital video disk (DVD} optical
disc, a blu-ray disc (BDD) optical disc, a holographic optical disk, another optical medium, a
secure digital (5D) card, a micro secure digital (micro5D) card, a Memory 5tick® card, a
smartcard c¢hip, a EMV chip, a subsaiber identity wmodule (5IM) card, a
mini/micro/nano/pico SIM card, another integrated circuit (IC) chip/card, random access
memory {(RAM), static RAM (SRAMj), dynamic RAM (DRAM), read-only memory (ROM),
programmable read-only memory (FROM), erasable programmable read-only memory
(EPROM), electrically erasable programmable read-only memory (EEPROM), flash EPROM
(FLASHEPROM]), cache memory (L1/L2/L3/L4/L5/L15), resistive random-access memory
(RRAM/ReRAM], phase change memory (PCM), spin transfer torque RAM (STT-RAM),

another memory chip or cartridge, or a combination thereot.
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{06181} Various forms of transmission media may be involved in carrying one or more
sequences of one or more instructions to a processor 1510 for execution. A bus 1590 carries
the data to system RAM or another memory 1520, from which a processor 1510 retrieves and
executes the instructions. The instructions received by systern RAM or another memory 1520
can optionally be stored on a fixed disk {mass storage device 1530 / portable storage 1540)
either before or after execution by processor 151 Various forms of storage may likewise be
implemented as well as the necessary network interfaces and network topologies to
implement the same.

{00182} While various flow diagrams provided and described above may show a particular
order of operations performed by some embodiments of the subject technology, it should be
understood that such order is exemplary.  Alternative embodiments may perform the
operations in a different order, combine certain operations, overlap certain operations, or
some combination thereof. It should be understood that unless disclosed otherwise, any
process illustrated in any flow diagram herein or otherwise illustrated or described herein
may be performed by a machine, mechanism, and/or computing system 1500 discussed
herein, and may be performed automatically (e.g, in response to one or more
triggers/conditions described herein), autonomously, semi-autonomously (e.g., based on
received instructions), or a combination thereof. Furthermore, any action described herein
as ocourring in response to one or more particular triggers/conditions should be understood
to optionally occur automatically response to the one or more particular triggers/conditions.
{00183} The foregoing detailed description of the technology has been presented for
purposes of illustration and description. It is not intended to be exhaustive or to limit the
technology to the precise form disclosed. Many modifications and variations are possible in
light of the above teaching. The described embediments were chosen in order to best

72



WO 2020/077163 PCT/US2019/055747

explain the principles of the technology, its practical application, and to enable others skilled
in the art to utilize the technology in various embodiments and with varicus modifications
as are suifed to the particular use contemplated. It is intended that the scope of the

technology be defined by the daim.
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CLAIMS

What is claimed is:

1. A method of generating and processing simulated patient information, the method
comprising:

receiving one or more feature parameters corresponding to one or more features,
wherein each feature parameter of the one or more feature parameters identifies one or more
possible values for one teature of the one or more features;

recetving one or more outcomes corresponding to the one or more feature
parameters;

generating a simulated patient population dataset that includes one or more
stimulated patient datasets, wherein each simulated patient dataset of the one or more
simulated patient datasets includes one or more feature values corresponding to the one or
more features, the one or more feature values generated such that each feature value of the
one or more feature values is selected from the one or more possible values for each feature
of the one or more features, wherein each simulated patient dataset of the one or more
simulated patient datasets is associated with the one or more outcomes; and

training a machine learning engine based on the simulated patient population
dataset, wherein the machine learning engine generates one or more predicted outcomes

based on the training,.

2. The method of claim 1, wherein the one or more features include one or more

possible symptoms, and wherein the one or more feature values identify whether the one or
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more possible symptoms are present in one simulated patient dataset of the one or more

sirrilated patient datasets.

3. The method of claim 1, wherein the one or more outcomes include at least one
diagnosis, and wherein the one or more predicted outcomes include the at least one

diagnosis and at least one probability representing a likelihood of the at least one diagnosis.

4, The method of claim 1, wherein the one or more cutcomes include at least one
recommended test, and wherein the one or more predicted outcomes include the at least one
recomunended test and at least one recommendation strength corresponding to the at least

one recommended test.

5. The method of claim 1, further comprising:

receiving a query dataset identitying one or more query feature values for the one or
more features;

generating the one or more predicted outcomes using the machine learning engine
based on the one or more query feature values of the query dataset; and

providing the one or more predicted outcomes to a query device.
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6. The method of claim 5, further comprising;:

receiving feedback from the query device in response to providing the one or more
predicted outcomes to the query device, the feedback disputing accuracy of at least one of
the one or more predicted outcomes; and

tuning the machine learning engine based on the feedback.

7. The method of claim 1, wherein training the machine learning engine using the
simulated patient population dataset includes generating one or more decision trees based
on the simulated patient population dataset, the one or more decision trees relating the one
or more feature parameters to the one or more cutcomes, wherein machine learning engine
generates the one or more predicted outcomes based on the at least one of the one or more

decision frees.

8. The method of claim 7, wherein the one or more outcomes inchzde at least a first
outcome and a second oulcome, wherein the one or more dedision trees include at least a
first decision tree and a second decision tree, wherein the first decision tree identifies a first
set of one or more decisions that the machine learning engine uses to determine whether to
predict the first outcome within the one or more predicted outcomes, wherein the second
decision tree identifies a second set of one or more decisions that the machine learning
engine uses to determine whether to predict the second outcome within the one or more

predicted outcomes.

9. The method of claim 1, further comprising:
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receiving a second set of one or more feature parameters corresponding to a second
set of one or more features, wherein each feature parameter of the second set of one or more
feature parameters identifies a second set of one or more possible values for one feature of
the second set of one or more feahures;

receiving a second set of one or more outcomes corresponding o the second set of
one or more feature parameters; and

generating a second simulated patient population dataset that includes a second set
of one or more simulated patient datasets, wherein cach simulated patient dataset of the
second set of one or more simulated patient datasets includes a second set of one or more
teature values corresponding to the second set of one or more features, the second set of one
or more feature values generated such that each feature value of the second set of one or
more feature values is selected from the second set of one or more possible values for each
feature of the second set of cne or more features, wherein each simulated patient dataset of
the second set of one or more simulated patient datasets is associated with the second set of
one or more outcomes, wherein training the machine learning engine is also based on the

second simulated patient population dataset.

77



WO 2020/077163 PCT/US2019/055747

10.  Themethod of caim 1, further comprising:

identifying a first simulated patient dataset of the one or more simulated patient
datasets;

generating the one or more predicted outcomes based on a first set of one or more
feature values in the first simulated patient dataset;

identifying a difference between the one or more predicted outcomes and the one or
more outcomes; and

tuning the machine learning engine based on the difference.

11. A system that generates and processes simulated patient information, the system
comprising:

one or more communication transceivers that receive one or more feature parameters
corresponding to one or more features and that receive one or more outcomes
corresponding to the one or more feature parameters, wherein each feature parameter of the
one or more feature parameters identifies one or more possible values for one feature of the
one or more features;

one Of more memory units storing instructions; and

one or more processors executing the instructions, wherein execution of the
instructions by the one or more processors cause the one or more processors to:

generate a simulated patient population dataset that includes one or more

stimulated patient datasets, wherein each simulated patient dataset of the one or more

simulated patient datasets includes one or more feature values corresponding to the

one or more features, the one or more feature values generated such that each feature

value of the one or more teature values is selected from the one or more possible
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values for each feature of the one or more features, wherein each simulated patient
dataset of the one or more simulated patient datasets is associated with the one or
more outcomes, and

train a machine learning engine based on the simulated patient population
dataset, wherein the machine learning engine generates one or more predicted

outcomes based on the training.

12. The system of claim 11, further comprising a database, wherein the simulated patient

population dataset is stored in the database.

13. The system of claim 11, wherein the one or more features include one or more
possible symptoms, and wherein the one or more feature values identity whether the one or

more possible symptoms are present.

14. The system of claim 11, wherein the one or more outcomes include at least one
diagnosis, and wherein the one or more predicted outcomes include the at least one

diagnosis and at least one probability representing a likelihood of the at least one diagnosis.

15. The system of claim 11, wherein the one or more communication transceivers also
recetve a query dataset from a query device, the query dataset identifying one or more query
teature values for the one or more features, and

wherein execution of the instructions by the one or more processors catise the one or

more processors to also:
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generating the one or more predicted outcomes using the machine learning
engine based on the one or more query feature values of the query dataset; and

providing the one or more predicted outcomes to a query device.

16. The system of claim 15, wherein the one or more communication transceivers also
receive a feedback from the query device in response to providing the one or more predicted
outcomes to the query device, the feedback disputing accuracy of at least one of the one or
more predicted outcomes, and

wherein execution of the instructions by the one or more processors cause the one or
more processors to also:

tune the machine learning engine based on the feedback.

17. The system of claim 11, wherein training the machine learning engine using the
stmulated patient population dataset includes generating one or more decision trees based
on the simulated patient population dataset, the one or more decision trees relating the one
or more feature parameters to the one or more outcomes, wherein machine learning engine
generates the one or more predicted outcomes based on the at least one of the one or more

decision trees.

18. The system of claim 11, wherein training the machine learning engine is also based

on a second patient population dataset other than the simulated patient population dataset.

19. The system of claim 11, wherein the machine learning engine uses a random forest
algorithim.
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20. A non-transitory computer readable storage medium having embodied thereon a
program, wherein the program is executable by a processor to perform a method of
generating and processing simulated patient information the method comprising:

receiving one or more feature parameters corresponding to one or more features,
wherein each feature parameter of the one or more feature parameters identifies one or more
possible values for one feature of the one or more features;

receiving one or more outcomes corresponding to the one or more feature
parameters;

generating a simulated patient population dataset that includes one or more
sirrilated patient datasets, wherein each simulated patient dataset of the one or more
simulated patient datasets includes one or more feature values corresponding to the one or
more features, the one or more feature values generated such that each feature valtue of the
one or more feature values is selected trom the one or more possible values for each feature
of the one or more features, wherein each simulated patient dataset of the one or more
stmulated patient datasets is associated with the one or more outcomnes; and

training a machine learning engine based on the simulated patient population
dataset, wherein the machine learning engine generates one or more predicted outcomes

based on the training.
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AMENDED CLAIMS
received by the International Bureau on 19 February 2020 (19.02.2020)

WHAT IS CLAIMED IS:

1. A method of generating and processing simulated patient information, the
method comprising:

receiving one or more feature parameters corresponding to one or more features,
wherein each feature parameter of the one or more feature parameters identifies one or
more possible values for one feature of the one or more features, wherein the one or
more features include one or more patient characteristics;

receiving one or more outcomes corresponding to the one or more feature
parameters, wherein the one or more outcomes include one or more diagnoses
corresponding to the one or more feature parameters;

generating a simulated patient population dataset that includes one or more
simulated patient datasets, wherein each simulated patient dataset of the one or more
simulated patient datasets includes one or more feature values corresponding to the one
or more features and associates the one or more feature values with the one or more
outcomes, the one or more feature values generated such that each feature value of the
one or more feature values is selected from the one or more possible values for each
feature of the one or more features; and

generating a machine learning model for a machine learning engine by training
the machine learning model of the machine learning engine based on the simulated
patient population dataset, wherein the machine learning engine generates one or more
predicted outcomes corresponding to a query dataset based on the machine learning
model, wherein the one or more predicted outcomes include one or more predicted

diagnoses.

2. The method of claim 1, wherein the one or more features include one or more
possible symptoms, and wherein the one or more feature values of each simulated
patient dataset identify whether the one or more possible symptoms are present in the

simulated patient dataset.
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3. The method of claim 1, wherein the one or more predicted outcomes include one
or more probabilities representing a likelihood of each of the one or more predicted

diagnoses based on the query dataset.

4. The method of claim 1, wherein the one or more outcomes include at least one
recommended test, and wherein the one or more predicted outcomes include the at least
one recommended test and at least one recommendation strength corresponding to the

at least one recommended test.

5. The method of claim 1, further comprising:

receiving the query dataset, the query dataset identifying one or more query
feature values for the one or more features;

generating the one or more predicted outcomes using the machine learning
engine and the machine learning model based on the one or more query feature values
of the query dataset; and

providing the one or more predicted outcomes to a query device.

6. The method of claim 5, further comprising:

receiving feedback from the query device in response to providing the one or
more predicted outcomes to the query device, the feedback disputing accuracy of at least
one of the one or more predicted outcomes; and

tuning the machine learning model of the machine learning engine based on the
feedback.

7. The method of claim 1, wherein generating the machine learning model by
training the machine learning model of the machine learning engine using the simulated
patient population dataset includes generating one or more decision trees based on the
simulated patient population dataset, the one or more decision trees relating the one or
more feature parameters to the one or more outcomes, wherein machine learning engine
generates the one or more predicted outcomes based on the at least one of the one or

more decision trees.
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8. The method of claim 7, wherein the one or more outcomes include at least a first
outcome and a second outcome, wherein the one or more decision trees include at least a
first decision tree and a second decision tree, wherein the first decision tree identifies a
first set of one or more decisions that the machine learning engine uses to determine
whether to predict the first outcome within the one or more predicted outcomes,
wherein the second decision tree identifies a second set of one or more decisions that the
machine learning engine uses to determine whether to predict the second outcome

within the one or more predicted outcomes.

9. The method of claim 1, further comprising:

receiving a second set of one or more feature parameters corresponding to a
second set of one or more features, wherein each feature parameter of the second set of
one or more feature parameters identifies a second set of one or more possible values for
one feature of the second set of one or more features;

receiving a second set of one or more outcomes corresponding to the second set
of one or more feature parameters;

generating a second simulated patient population dataset that includes a second
set of one or more simulated patient datasets, wherein each simulated patient dataset of
the second set of one or more simulated patient datasets includes a second set of one or
more feature values corresponding to the second set of one or more features, the second
set of one or more feature values generated such that each feature value of the second set
of one or more feature values is selected from the second set of one or more possible
values for each feature of the second set of one or more features, wherein each simulated
patient dataset of the second set of one or more simulated patient datasets is associated
with the second set of one or more outcomes; and

generating a second machine learning model for the machine learning engine by
training the second machine learning model of the machine learning engine based on the
second simulated patient population dataset, wherein the machine learning engine
generates the one or more predicted outcomes corresponding to the query dataset based

also on the second machine learning model.
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10. The method of claim 1, further comprising:

identifying a first simulated patient dataset of the one or more simulated patient
datasets;

generating the one or more predicted outcomes based on a first set of one or
more feature values in the first simulated patient dataset;

identifying a difference between the one or more predicted outcomes and the one
or more outcomes; and

tuning the machine learning model of the machine learning engine based on the

difference.

11. The method of claim 1, wherein the one or more outcomes include at least one
recommended treatment, and wherein the one or more predicted outcomes include the
at least one recommended treatment and at least one recommendation strength

corresponding to the at least one recommended treatment.

12. The method of claim 1, wherein the one or more outcomes are received from an
expert corresponding to an expert reputation score, wherein generating the simulated
patient population dataset includes generating a simulated patient population
reputation score corresponding to the simulated patient population dataset, wherein
simulated patient population reputation score is based on the expert reputation score,
wherein training the machine learning model of the machine learning engine based on
the simulated patient population dataset is also based on the simulated patient
population reputation score.
13. A system that generates and processes simulated patient information, the system
comprising:

one or more communication transceivers that receive one or more feature
parameters corresponding to one or more features and that receive one or more
outcomes corresponding to the one or more feature parameters, wherein each feature
parameter of the one or more feature parameters identifies one or more possible values

for one feature of the one or more features, wherein the one or more features include one
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or more patient characteristics, wherein the one or more outcomes include one or more
diagnoses corresponding to the one or more feature parameters;
one or more memory units storing instructions; and
one or more processors executing the instructions, wherein execution of the
instructions by the one or more processors cause the one or more processors to:
generate a simulated patient population dataset that includes one or more
simulated patient datasets, wherein each simulated patient dataset of the one or
more simulated patient datasets includes one or more feature values
corresponding to the one or more features and associates the one or more feature
values with the one or more outcomes, the one or more feature values generated
such that each feature value of the one or more feature values is selected from the
one or more possible values for each feature of the one or more features, and
generate a machine learning model for a machine learning engine by
training the machine learning model of the machine learning engine based on the
simulated patient population dataset, wherein the machine learning engine
generates one or more predicted outcomes corresponding to a query dataset
based on the machine learning model, wherein the one or more predicted

outcomes include one or more predicted diagnoses.

14. The system of claim 13, further comprising a database, wherein the simulated

patient population dataset is stored in the database.

15. The system of claim 13, wherein the one or more features include one or more
possible symptoms, and wherein the one or more feature values of each simulated
patient dataset identify whether the one or more possible symptoms are present in the

simulated patient dataset.

16. The system of claim 13, wherein the one or more predicted outcomes include one
or more probabilities representing a likelihood of each of the one or more predicted

diagnoses based on the query dataset.
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17. The system of claim 13, wherein the one or more communication transceivers
also receive the query dataset from a query device, the query dataset identifying one or
more query feature values for the one or more features, and

wherein execution of the instructions by the one or more processors cause the
one or more processors to also:

generate the one or more predicted outcomes using the machine learning
engine and the machine learning model based on the one or more query feature
values of the query dataset; and

provide the one or more predicted outcomes to the query device.

18. The system of claim 17, wherein the one or more communication transceivers
also receive a feedback from the query device in response to providing the one or more
predicted outcomes to the query device, the feedback disputing accuracy of at least one
of the one or more predicted outcomes, and
wherein execution of the instructions by the one or more processors cause the
one or more processors to also:
tune the machine learning model of the machine learning engine based on

the feedback.

19. The system of claim 13, wherein generating the machine learning model by
training the machine learning engine using the simulated patient population dataset
includes generating one or more decision trees based on the simulated patient
population dataset, the one or more decision trees relating the one or more feature
parameters to the one or more outcomes, wherein machine learning engine generates the
one or more predicted outcomes based on the at least one of the one or more decision

trees.

20. The system of claim 13, wherein execution of the instructions by the one or more
processors cause the one or more processors to also:
generate a second machine learning model for the machine learning engine by

training the machine learning engine based on a second patient population dataset other
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than the simulated patient population dataset, wherein the machine learning engine
generates the one or more predicted outcomes corresponding to the query dataset based

also on the second machine learning model.

21. The system of claim 13, wherein the machine learning engine uses a random

forest algorithm.

22. The system of claim 13, wherein the machine learning engine uses a gradient
boosting algorithm.
23. A non-transitory computer readable storage medium having embodied thereon a

program, wherein the program is executable by a processor to perform a method of
generating and processing simulated patient information the method comprising:

receiving one or more feature parameters corresponding to one or more features,
wherein each feature parameter of the one or more feature parameters identifies one or
more possible values for one feature of the one or more features, wherein the one or
more features include one or more patient characteristics;

receiving one or more outcomes corresponding to the one or more feature
parameters, wherein the one or more outcomes include one or more diagnoses
corresponding to the one or more feature parameters;

generating a simulated patient population dataset that includes one or more
simulated patient datasets, wherein each simulated patient dataset of the one or more
simulated patient datasets includes one or more feature values corresponding to the one
or more features and associates the one or more feature values with the one or more
outcomes, the one or more feature values generated such that each feature value of the
one or more feature values is selected from the one or more possible values for each
feature of the one or more features; and

generating a machine learning model for a machine learning engine by training
the machine learning model of the machine learning engine based on the simulated
patient population dataset, wherein the machine learning engine generates one or more

predicted outcomes corresponding to a query dataset based on the machine learning
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model, wherein the one or more predicted outcomes include one or more predicted

diagnoses.
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[& 3058 generated using patient population
' g source seed from second expert 3088

l L

[ 50 Simulated Patient Datasets 315 ] [ 20 Simulated Patient Datasets 320 ]

Training Dataset 390
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Dataset analysis system 205

¥
E Training module 21

Machine learning engine 210
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FIG. 4
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Querying user(s) 505

7
Query Ul 525 g R Query Dataset 510 ]

predicted outcomes 540

Feedback 550 on predicted oulcomes 540

k4
Cuery device 520 with Query user interface {Ul) 525
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FIG. 6

Outcomes 800 {expert-provided or predicted)

Likely diagnoses with probabilities 610

e Disease 650A (likelihood probability 655A)
s Disease 6508 (likelihood probability 6558)

® Diséase 6507 {likelihood probability §557)

Recommended tests 615

e Test 680A (strength of recommendation 865A)
e Test 8608 (strength of recommendation 5658}

® Tes% 6607 {strength of recommendation 8657

Recommended treatments 620

s Treatment 840A (strength of recommendation §45A)
s Treatment 6408 (strength of recommendation 6458)

e Trez}tment 8407 {strength of recommendation §457)

Features factoring most into particular diagnosis §25

e Feature §70A (evel of importance §75A)
e Feature §708 (evel of importance 5758}

@ Feahtua*e 6707 (level of importance §5757)

N o

rFeatures factoring most into particular test recommendation §30

e Feature G80A (evel of importance 685A)
e Feature 6808 {level of importance §858)

® Fea}ua'e 8807 (level of importance 6852}

, Feaiures factoring most into particular treatment recommendation 635 ‘
e Feature 530A {level of importance G95A)
s Feature GO0B {level of importance 6858}

e Feature 6307 {level of importance 8857}
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Querying user(s) 505

., Query Dataset 710

Age: 60
Heavy cough with thick mucus: True
Heavy smoker: True

A

Query Ul 525
predicted outcomes 730

' Chest X-ray: Normal
<:L Nheezing: False

Feedback 750 on predicted cuicomes 730

¥

Query device 520 with Query user interface (Ul) 528

-
I F Query Dataset 710

|

' Dataset analysis system 205

¢

[ ¥ Query module 520

Machine learning engine 210

| Model 720A: COPD || Model 7208:

a
[Modei 720C lung cancer}[ Model 720D flu

Model 720E: pulmonary function test

[ Model 720F: complete blood count
| Model 720G; MR

[ Training module 21

¥

|

predicted outcomes 730
generated based on query dataset 710

Feedback 750
on predicted
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FIG. 7B

pregdicted cutcomes 730 generated based on query dataset 710

Likely diagnoses with probabilities 735
e COPD 740A (likelihood probability 742A; 70%)
e Lung cancer 7408 (likelihood probability 742B: 65%)
e Asthma 740C (likelihood probability 742C: 10%)
e Flu 740D (likelihood probability 742D 5%}

Recommended tests 745
e Pulmonary function test 750A {strength of rec 7524 42%])
s Complete blood count 7508 (strength of rec 7528: 10%)
» MRl 750C (strength of rec 752C: 6%}

Features factoring most into 70% COPD diagnosis 755
e Heavy cough 760A {effect on likelihood of diagnosis 7624, +24%)
e Normal chest X-ray 7608 (effect on likelihood of diagnosis 7628: +21%)
e History of smoking 760C (effect on likelihood of diagnosis 762C: +20%)

Features factoring most into 65% lung cancer diagnosis 765
» History of smoking 770A {effect on likelihood of diagnosis 772A: +30%j)
¢ Heavy cough 7708 {effect on likelihood of diagnosis 7728: +24%;)
e Normal chest X-ray 770C {effect on likelihood of diagnosis 772C; -11%)

Features factoring most into 10% asthma diagnosis 775
e Lack of wheezing 780A (effect on likelihood of diagnosis 7824 -20%)
» Heavy cough with mucus 7808 (effect on likelthood of diagnosis 7828 -13%})
e Normal chest X-ray 780C {effect on likelihood of diagnosis 782C: -11%,)

Follow-on questions 785

e Question 790A: is there family history of lung cancer? (click to answer)
» {(uestion 790B: is the patient male or female? (click to answer)

Recommeanded treatments 792

e Drug 795A (strength of recommendation 788A: 35%j)
e Surgery 7958 (strength of recommendation 7988 12%)
» Vitamins 795C (strength of recommendation 798C: 4%)
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FIG. 8

Example 800 of expert Ul 115 analyzing information source 810 for assisted NLP mode 170

s Source 815 National Center for Biotechnology Information {hyperlink)
s Type of source §20; abstract, journal, publication.
s (utcome 825 Lung cancer diagnosis {in knowledge database, Outcome [D is “LungCa”)

NLP algorithm found the following features in the document:

‘Hemoptysis” - symptom, odds ratio for having culcome 825 6:39
Categorical feature values, possible category values for the feature: “yes’,
New feature, not available in knowledge database.

{click here fo choose the way it will be handled)

{click here fo edit categories, current: “yes’/"no"}

{click here fo edit “odds ratio”. current 6:39)

(i check here to keep this Feature)

» oK

0)7

‘Dyspnea” - symptom, odds ratio for having outcome 825 2:73

Categorical feature values, possible category values for the feature: “yes”, “no
New feature, not available in knowledge database.

{click here o choose the way it will be handled)

{click here fo edit categories, current : “yes™/'no")

{click here to edit “odds ratic”. current 2:73)

{7 check here to keep this Feature)

‘Cough” - symptom, odds ratio for having outcome 825 2:64
Categorical feature values, possible category values for the feature: “yes’,
This feature is already in knowledge database, under the Feature 1D “Cough”
{click here fo choose the way it will be handled)

{click here fo edit categories, current ; “yes’/'no")

{click here to edit “odds ratio”, current 2:64 )

(i1 check here to keep this Feature)

5 “

“‘Chest pain” — symptom, odds ratio for having outcome 825 2:20

Categorical feature values, possible category values for the feature: “ves”, “no

This feature is likely already in knowledge database, under the Feature ID “Chest paing’
{click here o choose the way it will be handiad)

{click here fo edit categories, current : “yes™/'no”)

{click here to edit “odds ratic”. current 2:20)

{4 check here to keep this Feature)

{click here fo add to all “checked as kept” Features o knowledge database as categorical
Features maintaining odds ratios found in information source)
{click here to create new Outcome 1D for “LungCa’™)
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FIG. 9

l Is the patient female? 905 1
YES | NO
[ s hemoglobin evel > 127 } [ s hemoglobin fevel > 142 940
YES | NO YES | NO
¥ ¥ ¥

I No anemia 915 }

Anemia present. 820
Order ferritin level.

o

'

7

is ferritin ievel » 12007

925

&

YES | NO

¥

[ No anemia 945 ]

N

Anemia present. 850
Order ferritin level.

'

s ferritin level > 12007
055

¥

VES | RO
¥

YN@ iron deficiency. 830 |

Anemia must be from
other causes. Check
for bieeding, check
vitamin b12 and folic
acid levels.

possible. 835

Crder treatment with
oral iron, check iron
level and Total lron
Binding Capacity
{TIBC) level.

fron deficiency anemia

rNo iron deficiency. Q@_Qj

Anemia must be from
other causes. Check
for bleeding, check
vitamin b12 and folic
acid levels.

Iron deficiency anemia
possible. 865

Crder treatment with
oral iron, check iron
level and Total Iron
Binding Capacity
{TIBC) leval.
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FIG. 10

Example 1000 of expert user interface 115 for generating patient population source seed 120

Feature parameters 1002 for simulated patients in simulated patient population dataset 1005

Genders 1010:  Age 1015 Bady temp (“F) 1020: B! 1025
& Male 27 45
A Female LA S —
] Cther
L1 NA
Pulse rate (bpm) 1930 Systolic blood pressure 1035: Distolic blood pressure 1040

a0 10 50 g4

Respiratory rate 1045: Arterial O Sat (Sal2%) 1050 %ppiaed aj?r104 ‘;{3 {Fa?z%) 51 Gﬁi
oom air: 21%, Nasal canula: 1L/
.. .-.:?:::t: 0 rQ %ﬂ min 24% 70, ZL/mm 280/0, 3/min
32%, 4L/min 36%, 5L/min 40%, 6L/
min 44%

{Outcomes 1060 corresponding to the feature parameters 1002

Acute diagnoses 1065:

[EPneumoﬂia Pulmunary}} {Pulmunary embolus  (Pulmunary) (€

Recommended fests 1070;
[ Chest CT scan with IV dye |

Chronic diagnoses 1075
[Chronic Nontuberculous mycobacteria lung infection

Chronic COPD

Chronic Asthma

Churg-Strauss syndrome

Chronic left ventricle heart failure (LVHF) :
Hypertrophic cardiomyopathy
Dilated cardiomyopathy
Chronic tricuspid regurgitation {(TR) A4
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1166
FIG. 11 /

Receive one or more feature parameters associated with one or more
features, wherein sach feature parameter of the one or more feature
parameters identifies one or more possible values for one feature of the
one or more features 1105

l

Receive one or more outcomes corresponding to the one or more
feature parameters 1110

l

Generate a simulated patient population dataset that includes one or
more simulated patient datasets, wherein each simulated patient dataset
of the one or more simulated patient datasets includes ong or more
feature values corresponding 1o the one or more features, the one or
more feature values generated such that each feature value of the one
or more feature values is selected from the one or more possible values
for each feature of the one or more features, wherein each simulated
patient dataset of the one or more simulated patient datasets is
associated with the one or more outcomes 1115

i

Train a machine learning engine based on the simulated patient
population dataset, wherein the machine learning engine generates one
or more predicted outcomes based on the fraining 1120
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FIG. 12
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FIG.

128

PCT/US2019/055747

Age  SmokerHy (Cough (Hemoptysis |LungCa (Health BeningChronicCough (ChastsRayPalat (PortablaCuray
L TR 33,23 3 3 1 G g 1 g
118,18 72 P 2 1 G g 1 g
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112.3% 13324 2z 3 1 G g 1 g
5664 Paa RV z 3 1 G a 1 3
137.68 Z7538 3 3 1 3 { 1 a3
42 MA A MA L i a L g
EERLD B4 MA {3 i g i {
H1IMA BA MA { 1 g iy g
FAINA MA MA { i 3 g {

25 A A A L i g g g
A MA BA 3 1 a 3 3

S8 MA MA WA 3 i { 3 a3
B7\MA A MA L i a L g

T A B4 MA {3 i g i {

IR \NA BA MA { 1 g iy g

MA MA 3 2 { 3 i 1 1

BA MA 3 2 & G 1 1 1

BA MA % Z 3 G ¥ 1 i

A MA 3 Z 3 G 1 1 1

A A 2 P L i 1 1 1

MA B4 3 P {3 {3 3 1 ¥

MA A 3 2 { i3 1 1 X

MA MA 3 2 { 3 i 1 1

BA MA 3 2 & G 1 1 1

BA MA % Z 3 G ¥ 1 i




WO 2020/077163 PCT/US2019/055747
15/18

1300
FIG. 13 /

&
Frequency
of ?eaturé
value in
simulated

patient »
population
dataset
1320

Feature value 1310; BM



WO 2020/077163 PCT/US2019/055747
16/18

1400
FIG. 144 /

Cutcome 1405 Lung cancer diagnosis

Relevant Features 1410:  Name Distribution
Age gaussian | 130, 30, 0, 130
SmokerHx gaussian | 300, 100, 0, 300
Hemoptysis  category | 1:0, 2:20, 3:80
{Cough category | 1.0, 240, 3:60

Highlighted feature 1415: Cough

Possible feature values 1420 for cough feature:
1 = data unavailable
2 = no cough present
3 = yes, cough present

Count 1425. 10

Distribution 144

Expecied
frequency 1435
of distribution of

categories for
cough feature
in the entire
simulated
patient
population
dataget

Feature values 1430 for feature: cough
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FIG. 14B
Cutcome 1405 Lung cancer diagnosis
Relevant Features 1410:  Name Distribution
Age gaussian | 130, 30, 0, 130
SmokerHx gaussian | 300, 100, 0, 300
Hemoptysis  category | 1:0, 2:20, 3:80
{Cough category | 1.0, 240, 3:60
Highlighted feature 1460: Age
Count 1485 100
Distribution 1485
1
Expected
frequencya s g
1475 of
dastfriiau;tion E
of valugsn ¢
for the ageg‘6
feature in
the entireg o
simulated™
paz%.ent
population
datasett-2 ]

Feature values 1470 for feature: age
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