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METHOD FOR GENERATING HEALTHCARE-RELATED
VALIDATED PREDICTION MODELS FROM MULTIPLE SOURCES

CROSS-REFERENCE TO RELATED APPLICATIONS
[0001]  This application claims priority to U.S. Provisional Application No. 61/541,468,

filed on September 30, 2011, which is incorporated herein in its entirety.

TECHNICAL FIELD
[0002]  The present invention relates generally to healthcare prediction models. More
specifically, the present invention relates to healthcare-related prediction models generated

from multiple sources.

BACKGROUND OF THE INVENTION
[0003]  Inrecent years, there has been significant effort by the healthcare industry to
improve clinical outcomes to patients by providing evidence-based personalized decision
support systems and establishing clinical protocols that address the characteristics of both
individual patients and patient populations. The healthcare industry has also aimed to
provide greater value to patients and their payers (i.e., their insurance carriers and employers)
by using evidence-based personalized decision support systems to consider health benefits
and cost-effectiveness when recommending treatment regimens.
[0004]  The above-mentioned efforts by the healthcare industry have been facilitated
through the implementation and adoption of health related information technologies (IT),
which have led to patient and physician access to electronic medical records and the
exchange of electronic data among healthcare providers, laboratories, pharmacies, healthcare
managers, and healthcare administrators. Healthcare-related IT platforms have also been
instrumental in carrying out biodiscovery, the translation of genetic and molecular data to
clinical applications, and the development of prediction models for identifying healthcare-
related issues and/or disease outcomes.
[0005]  In theory, the implementation of healthcare-related prediction models should have
a significant impact on healthcare quality and delivery; however, in practice, the types of

EMR-generated prediction models and their utility have remained limited to date. Large data
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sets amassed from multiple data sources, such as healthcare facilities, are often required to
build meaningful prediction models with clinical utility. Because the collection, processing,
and analysis of such large data sets requires the expenditure of significant human and
monetary resources, the benefits of such prediction models remain outside the reach of
entities of modest size and/or resources.

[0006]  In addition to the challenges inherent in physically amassing large quantities of
data, the implementation of prediction models also faces challenges related to the protection
of personal identifiers that are present in the data sets. Currently, the processing of healthcare
information from multiple healthcare facilities to build prediction models requires the transfer
of the health data beyond the physical and network boundaries of each healthcare facility.
The presence of personal identifiers in the data poses great administrative, logistical, and
contractual hurdles to healthcare facilities and any third party entity that is involved in the
data processing or analysis. The presence of personal identifiers also raises liability issues
and increase the facilities costs to protect against liability. Although personal identifiers may
be removed, there are also significant logistical, technical, and financial costs incurred by
producing de-identified data sets while preserving the integrity of the data. Because such
processes are time-consuming and costly, they inhibit the development of healthcare

prediction models.

SUMMARY OF THE INVENTION
[0007]  The present invention improves upon what is known in the art by providing
methods to generate and validate healthcare prediction models based upon healthcare data
obtained from multiple sources, without the need to de-identify or transfer clinical data
beyond the physical and network boundaries of healthcare facilities. The validated prediction
models of the present invention are based upon multiple variables that are capable of being
applied to diverse patient populations.
[0008]  In one embodiment of the invention, there is provided a method of generating a
prediction model for a health outcome of interest comprising the steps of: (a) providing more
than one healthcare centers with a Model Deconstruction Transfer (MDT) platform
comprised of a variable library (VL), wherein each healthcare center enters at least one data
set relevant to the health outcome of interest into the MDT platform and selects variables

from the VL that are relevant to the health outcome of interest; and (b) generating at least one
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prediction model (PMy) for each healthcare center from the MDT platform, wherein each
PMj is based upon the selected variables.

[0009]  Inanother embodiment, the method further comprises the steps of: (c) generating
a Model Component Library (MCL) from each PMy, wherein the MCL comprises
components that result from deconstruction of each PMy, and (d) generating at least one
second prediction model (PMy) from the MCL, wherein the at least one PM; is designed to
predict the probability of the health outcome of interest in a population of patients
collectively representative of each healthcare center. The at least one PM; may be generated
from the MCL by using individual MCL components as variables in the at least one PM; with
differential weighting. A single MCL component may be used more than once in a single
PM,. Further, each use of a single MCL component may be subject to a different statistical
function.

[0010]  Inanother embodiment of the invention, there is provided a method of generating
a prediction model for a health outcome of interest comprising the steps of: (a) obtaining at
least one data set relevant to the health outcome of interest from more than one healthcare
centers; (b) selecting variables from each data set that are relevant to the health outcome of
interest; (c) generating at least one first prediction model (PMj) for each healthcare center
based upon differential weighting of the at least one data set variables, wherein the at least
one PM, is generated using a computing device; (d) generating a Model Component Library
(MCL) from each PM,, wherein the MCL comprises components that result from
deconstruction of each PMg; and (e) generating at Ieast one second prediction model (PM,)
from the MCL based upon differential weighting of the MCL components relevant to the
health outcome of interest. In one embodiment, the more than one healthcare centers may
enter the at least one data set into a Model Deconstruction Transfer (MDT) platform
comprising a variable library (VL).

[0011]  In a further embodiment, the foregoing methods further comprise the step of:
obtaining at least one second data set from at least one of the more than one healthcare
centers, wherein the at least one second data set comprises healthcare data that pertains to a
group of patients from a healthcare center that is not represented in the MCL and is non-
redundant and unrelated to data used to generate the MCL.

[0012]  Inanother embodiment, the foregoing methods further comprise the step of:
obtaining at least one second data set from at least one of the more than one healthcare

centers, wherein the at least one second data set comprises healthcare data pertaining to a
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group of patients from a healthcare center that is represented in the MCL, wherein the at least
one second data set is non-redundant to the at least one data set of step (a) and the healthcare
data that comprises the at least one second data set is unrelated to the healthcare data used to
generate the MCL.

[0013] In further embodiments, the at least one second data set comprises a training set, a
test set, or a combination of a test set and a training set. In one embodiment, the at least one
second data set may be divided into training and test sets chronologically according to the
year of origin of the healthcare data.

[0014]  Inanother embodiment, the at least one PM; comprises MCL components that are
selected based upon the performance of the at least one PM; to predict probabilities of the
healthcare outcome in the training set or the test set.

[0015]  In further embodiments, the at least one PM; is generated from the MCL by using
individual MCL components as variables in the at least one PM; with differential weighting.
A single MCL component may be used more than once in a single PM;. Further, each use of
a single MCL component may be subject to a different statistical function.

[0016]  Inanother embodiment, the VL comprises variables selected from the group
consisting of patient demographics, patient insurance policy status, patient billing data,
patient family history, patient laboratory results, patient imaging results, patient pathology
results (tissue biopsies), patient immunopathology results, patient cytology results, patient
cytogenetic results, patient gene expression, patient metabolic panels, patient metabolic
profiles, patient genomic data, patient response to procedures, patient medications, patient
therapeutic regimens, patient acute care parameters, patient ambulatory monitoring;
frequency of outpatient visits, frequency of emergency visits, frequency of hospital
admissions, frequency of hospital re-admissions; quality of life assessments; clinical
characteristics (clinical signs and symptoms), clinical diagnoses, clinic inpatient procedures,
clinic outpatient procedures; monitoring for cancer recurrence, psychiatric assessments; and
CPT (current procedural technology) diagnostic codes.

[0017]  In a further embodiment, the MCL components are selected from the group
consisting of patient demographics, patient insurance policy status, patient billing data,
patient family history, patient laboratory results, patient imaging results, patient pathology
results (tissue biopsies), patient immunopathology results, patient cytology results, patient
cytogenetic results, patient gene expression, patient metabolic panels, patient metabolic

profiles, patient genomic data, patient response to procedures, patient medications, patient
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therapeutic regimens, patient acute care parameters, patient ambulatory monitoring;
frequency of outpatient visits, frequency of emergency visits, frequency of hospital
admissions, frequency of hospital re-admissions; quality of life assessments; clinical
characteristics (clinical signs and symptoms), clinical diagnoses, clinic inpatient procedures,
clinic outpatient procedures; monitoring for cancer recurrence, psychiatric assessments; and
CPT (current procedural technology) diagnostic codes.

[0018]  In another embodiment, the health outcome is selected from the group consisting
of poor treatment response, worsening of a condition, rate of disease progression, probability
of success following an interventional procedure, probability of failure following an
interventional procedure, probability of complications following an interventional procedure,
readmission to emergency services for a specific condition, readmission to a hospital for a
specific condition, development of co-morbidities, and combinations of any of the foregoing.
[0019]  In a further embodiment, the MDT platform is provided in an electronic storage
medium, which may be selected from the group consisting of an external hard drive, a CD
ROM, a USB memory device, an electronic mobile device, desktop computer, a server, a
VPN, a secure internet website, and a software product that is downloadable from the internet
with security features. The server may be selected from an on-site local server at the
healthcare center and an off-site collocation or cloud server controlled by the healthcare
center.

[0020]  Inanother embodiment, the computing device may be programmed to run
statistical techniques selected from the group consisting of machine learning, logistic
regression, linear regression, non-linear regression, and combinations of any of the foregoing,
[0021]  Ina further embodiment, the at least one PMj is generated using statistical
techniques selected from the group consisting of machine learning, logistic regression, linear
regression, non-linear regression, and combinations of any of the foregoing. The machine
learning technique may be selected from the group consisting of classification tree methods,
LASSO (least absolate shrinkage and selection operator), Bayesian network modeling, and
combinations of any of the foregoing. An example of a classification tree method is a
boosted tree method.

[0022] In another embodiment, at least two PM; are generated, ranked, and selected
according to model performance parameters selected from the group consisting of posterior
log likelihoods, predictive power based upon posterior probability of an event, predictive

power based upon estimated errors of prediction, dynamic range of predicted probabilities,
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reclassification, frequency of predicted probabilities, cross-validation error, number of model
components required, and discrimination.

[0023] In a further embodiment, the at least one PMg and/or the at least one PM; may be
validated by a validation test originating from at least one of the more than one healthcare
centers. In one embodiment, the at least one PM, and/or the at least one PM; may be
validated by a test data set originating from one or more of the healthcare centers. In another
embodiment, the at least one PM; may be validated against a test data set originating from a
healthcare center to which the at least one PM; will be applied.

[0024] In a further embodiment, performance of the validated at least one PM, and/or
validated at least one PM; may be measured by comparison against performance of a control
model. In one embodiment, the comparison of the validated at least one PM, and/or
validated at least one PM; may be carried out by applying statistical criteria selected from the
group consisting of predictive power based on posterior log likelihoods, predictive power
based upon posterior probability of an event, predictive power based upon estimated errors of
prediction, dynamic range of predicted probabilities, reclassification, frequency of predicted
probabilities, cross-validation error, number of model components required, and
discrimination. The machine learning techniques may be selected from the group consisting
of classification tree methods, LASSO (least absolute shrinkage and selection operator),
Bayesian network modeling, and combinations of any of the foregoing. The classification
tree method may be a boosted tree method.

[0025]  Inanother embodiment, there is provided a method of compensating a healthcare
center based upon data provided by the healthcare center for use in the generation of a
prediction model for a health outcome comprising the steps of: (a) providing the healthcare
center with at least one data set comprising a variable library (VL), wherein the healthcare
center selects variables from the VL that are relevant to a health outcome of interest; (b)
generating a first prediction model (PMy) for the healthcare center based upon the VL
variables; (c) generating a Model Component Library (MCL) from the at least one PM,
wherein the MCL comprises components that result from deconstruction of the at least one
PMy; (d) generating at least one second prediction model (PM;) for the health outcome of
interest based upon the MCL components; (¢) compensating the healthcare center according
to the MCL components that contribute to the generation of the at least one PM;. In one

embodiment, the VL may be provided in a Model Deconstruction Transfer (MDT) platform.
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[0026]  In a further embodiment, there is provided a method of compensating a healthcare
center based upon data provided by the healthcare center for use in the generation of a
prediction model for a health outcome comprising the steps of: (a) obtaining at least one data
set relevant to the health outcome of interest from more than one healthcare centers; (b)
selecting variables from the at least one data set that are relevant to the health outcome of
interest; (c) generating at least one first prediction model (PMy) for the healthcare center
based upon the differential weighting of the variables; (d) generating a Model Component
Library (MCL) from the at least one PMg, wherein the MCL comprises components that
result from deconstruction of the PMy; and (e) generating at least one second prediction
model (PM,) for the health outcome of interest based upon the MCL components; and (f)
compensating the healthcare center according to the MCL components that contribute to the
generation of the at least one PM;. In one embodiment, the at least one data set may be
provided in a Model Deconstruction Transfer (MDT) platform comprising a variable library
(VL).

[0027] In another embodiment, factors determining the healthcare center’s compensation
are selected from the group consisting of size or existence of the healthcare center’s data,
amount or variety of variables selected by the healthcare center, amount and/or quality of
data missing from the data provided by the healthcare center, and contribution of MCL
components derived from the at least one PM,

[0028]  In further embodiments, the healthcare center may be compensated according to a
percentage of revenue share based upon contribution of MCL components derived from the at
least one PM that are instrumental to performance of the at least one PM;. For example, the
healthcare center may be compensated according to a fixed payment per measure of MCL
components used in the at least one PM;.

[0029] Additional aspects and embodiments of the invention will be provided, without

limitation, in the detailed description of the invention that is set forth below.

BRIEF DESCRIPTION OF THE DRAWINGS
[0030] FIG. 1 is a schematic representation of an embodiment of the invention where a
single PHC has access to a single on-site MDT/VL platform and a single prediction model
(PMy) is generated.
[0031] FIG. 2 is a schematic representation of an embodiment of the invention wherein

five PHCs have individual on-site access to MDT/VL platforms which generate five first
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prediction models (PMy) and an MCL, the latter of which is used to deconstruct the PM, to
generate a single second prediction model (PM;) directed to a health outcome of interest in a
general population collectively representative of the five PHCs.

[0032]  FIG. 3 is a schematic representation of an embodiment of the invention wherein
data from a single PHC is used to generate a first prediction model (PMy), an MCL, and a
second prediction model (PMy).

[0033] FIG. 4 is a schematic representation of an embodiment of the invention that does
not involve application of an MDT/VL platform, where the data from five PHCs is used to
generate five first prediction models (PMy) and an MCL, the latter of which is used to
deconstruct the PM to arrive at a single second prediction model (PM,) directed to a health

outcome of interest in a general population collectively representative of the five PHCs.

DETAILED DESCRIPTION OF THE INVENTION
[0034]  Set forth below is a description of what are currently believed to be preferred
embodiments of the claimed invention. Any alternates or modifications in function, purpose,
or structure are intended to be covered by the claims of this application. As used in this
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specification and the appended claims, the singular forms an,” and “the” include plural
referents unless the context clearly dictates otherwise. The terms "comprises" and/or
"comprising,” as used in this specification and the appended claims, specify the presence of
stated features, integers, steps, operations, elements, and/or components, but do not preclude
the presence or addition of one or more other features, integers, steps, operations, elements,
components, and/or groups thereof.

[0035] The terms “healthcare center” and “healthcare facility,” which are used
interchangeably herein, are meant to refer to and include all types of healthcare-related
institutions, including without limitation, institutions servicing inpatient care, outpatient care,
acute care, subacute care, long term care, rehabilitative care, palliative care, urgent care,
emergency care, trauma centers, tertiary care, community care, and rural care.

[0036]  The term “participating healthcare center” or “PHC” is meant to include
healthcare centers that are used to prepare a prediction model under the methods of the
present invention.

[0037]  As used herein, the term “client” refers to any third party that may interact with a
healthcare center. Such clients include, without limitation, any of the following: an

insurance company; a health management organization (HMO); a network of healthcare
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providers; Medicare and/or Medicaid; a federal, state or local government; a native tribunal; a
military branch; a pharmaceutical, biotech, and/or medical device company; a third party
payer (e.g., a self-insured large employer); one or a group of healthcare centers, such as
hospitals, outpatient clinics, and community clinics; specialty practices, such as oncology,
hemodialysis, fertility, and ophthalmology practices; transplant and organ donation agencies;
professional organizations (e.g., American Medical Association); charitable foundations; and
global health projects, including private, non-profit, or government funded projects.

[0038] As used herein, the term “source,” “sources” and “multiple sources” is used to
refer to one or more healthcare centers.

[0039] The term “healthcare provider” is meant to include physicians, nurses, nurse
practitioners, nursing assistants, medical technicians, dentists, psychologists, homeopaths,
chiropractors, or other healthcare professionals that are subject to the rules of conduct of a
professional licensing body, and trainees of any of the above.

[0040]  The term “patient” is meant to include any human person that is under the care of
a healthcare provider. Within the context of the present invention, a patient may be, but is
not necessarily undergoing a medical procedure and/or is ill.

[0041] The term “treatment” is meant to include any medical, behavioral, surgical, and/or
procedural act or intervention that is provided by a healthcare professional through
counseling or by way of a medical device. Treatments may be provided by the healthcare
professional and/or device in a healthcare facility or alternatively, upon proper instruction by
a healthcare professional or healthcare facility, treatments may be performed to be performed
by the patient herself/himself.

[0042] The term “health outcome” is meant to refer to an adverse health condition of a
patient, who is undergoing treatment for a specific disease state and/or condition. Examples
of health outcomes within the context of the present invention include, without limitation,
poor treatment response, worsening of a condition, rate of disease progression, probability of
success following an interventional procedure, probability of failure following an
interventional procedure, probability of complications following an interventional procedure,
readmission to emergency services for a specific condition, readmission to a hospital for a
specific condition, development of co-morbidities, and combinations of any of the foregoing,
[0043] The term “healthcare data” is meant to refer to medical data that is created in the
process of inpatient or outpatient clinical services that are provided to the patient, such as for

example, patient history, physical exams, lab tests and results, medical procedures and
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results, medications and patient response to the medications. As used herein, “healthcare
data” is meant to include data that is generated for billing and other administrative tasks that
are required for the patient to receive clinical services with his/her healthcare providers and
navigate his/her healthcare needs, such as for example, pharmaceutical prescriptions, lab
orders, billing records, and referrals.

[0044]  The term “data set” is meant to refer to healthcare data provided by a healthcare
center, which pertains to patients and/or medical cases. A data set will typically be extracted
by a healthcare center either electronically (through for example, an electronic query) or
manually, or through a combination of electronic and manual means. The healthcare data in
a data set may or may not include personal identifiers (a data set void of personal information
known in the art as a “de-identified data set””). Within the context of the present invention, a
data set from a particular healthcare center (i.c., a “data source”) will typically be relevant to
the healthcare outcome for which a prediction model is built.

[0045]  The term “test set” is meant to refer to a data set that is prepared from data
provided by a PHC or a non-PHC (see, Examples 2-6) that is used to validate a prediction
model. In other words, a prediction model is applied to a test dataset to see how well the
prediction model performs. Within the context of the present invention, test sets are typically
directed to datasets from years that are close to or current to the year of the prediction model.
[0046]  The term “training set” is meant to refer to a data set that is prepared from data
provided by a PHC or a non-PHC (see, Examples 2-6) that is used to generate or train one or
more prediction models for a particular condition or disease state. Within the context of the
present invention, training sets are typically directed to datasets from years that are further
removed (in the past) to the year of the prediction model.

[0047] The term “clectronic health records” or “EHR” is meant to include healthcare
facility-hosted electronic medical records (EMR), internet-based EHR, data input by
healthcare providers (including designated personnel), and patients and/or consumers.

[0048]  The term “storage medium” and “electronic storage medium” includes without
limitation, an external hard drive, a CD ROM, a USB memory device (also referred to as a
“memory stick” and a “thumb drive”), an electronic mobile device (such as a smart phone,
tablet computer, notebook computer, or laptop computer), a desktop computer, a server
(including a closed network of servers inaccessible to the public), a VPN, a secure internet

website, and software product that is downloadable from the internet with security features.
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Security features include without limitation, digital certificates, user access codes, auto-
expiration dates, and anti-de-encryption mechanisms.

[0049] The term “server” is meant to refer to a stand-alone computer and/or a networked
server that is dedicated to carry out a subject operation. Examples of stand-alone and
networked servers that may be used with the present invention include without limitation, a
desktop, a laptop, a mobile device, a co-location server, a local on-site server, and an off-site
cloud server. Cloud servers include public cloud servers and private/dedicated cloud or
hybrid cloud servers.

[0050] As used herein, the term “control model” refers to a prediction model, or practice
guidelines, or eligibility criteria (e.g. criteria required to perform a medical service, provide
coverage to a medical service, or to reimburse healthcare professionals or healthcare
facilities), that is in standard use in the healthcare industry or that is being more specifically
used for the generation of a prediction model by a specific PHC.

[0051]  Asused herein, the term “baseline” refers to an overall mean probability,
disregarding any profiling or modeling. With reference to a control model, the baseline is the
average probability if no predictive modeling is done. If no prior model exists, a control
model may be generated by using one or more variables that are commonly used by
healthcare providers in a particular situation,

[0052] The terms “Model Deconstruction and Transfer” and “MDT” are meant to refer to
a platform that allows the PHC to provide access to a third party, to use a PHC’s healthcare
data to generate a prediction model that is devoid of any personal identifiers on-site, and
transfer that prediction model to a third-party facility, without the transfer of personal
identifiers or any raw data, for deconstruction. One example of an MDT platform that may
be used with the present invention is an electronic storage medium that contains the MDT
platform and allows a PHC to access the MDT platform.

[0053] The terms “Variable Library” and “VL” are meant to refer to the variables that are
provided in the MDT platform of the present invention; the terms are meant to include all
variables and subsets of variables that may populate the MDT platform. Examples of VLs
that may be used within the context of the present invention, include without limitation,
patient demographics, patient insurance policy status, patient billing data, patient family
history, patient laboratory results, patient imaging results, patient pathology results (tissue
biopsies), patient immunopathology results, patient cytology results, patient cytogenetic

results, patient gene expression, patient metabolic panels, patient metabolic profiles, patient
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genomic data, patient response to procedures, patient medications, patient therapeutic
regimens, patient acute care parameters, patient ambulatory monitoring; frequency of
outpatient visits, frequency of emergency visits, frequency of hospital admissions, frequency
of hospital re-admissions; quality of life assessments; clinical characteristics (clinical signs
and symptoms), clinical diagnoses, clinic inpatient procedures, clinic outpatient procedures;
monitoring for cancer recurrence, psychiatric assessments; and CPT (current procedural
technology) diagnostic codes.

[0054] The terms “MCL,” “Model Component Library,” and “MCL components™ are
meant to refer to the deconstructed components derived from statistical features of prediction
models (PMy). Each MCL component represents a statistical feature that pertains to one or
more variables provided in a data set, a VL, or a combination of both. The terms include all
of the components that comprise the MCL as well as all subsets of components included
therein. Within the context of the present invention, the MCL components may be derived
from PHC-derived prediction models (PMg) by way of an MDT platform (see, e.g., FIG. 2) or
the MCL components may be derived directly from PHC-derived prediction models (PMy)
that has not been analyzed through an MDT platform (see, e.g., FIG. 4). Examples of MCLs
that may be used within the context of the present invention include, without limitation,
patient demographics, patient insurance policy status, patient billing data, patient family
history, patient laboratory results, patient imaging results, patient pathology results (tissue
biopsies), patient immunopathology results, patient cytology results, patient cytogenetic
results, patient gene expression, patient metabolic panels, patient metabolic profiles, patient
genomic data, patient response to procedures, patient medications, patient therapeutic
regimens, patient acute care parameters, patient ambulatory monitoring; frequency of
outpatient visits, frequency of emergency visits, frequency of hospital admissions, frequency
of hospital re-admissions; quality of life assessments; clinical characteristics (clinical signs
and symptoms), clinical diagnoses, clinic inpatient procedures, clinic outpatient procedures;
monitoring for cancer recurrence, psychiatric assessments; and CPT (current procedural
technology) diagnostic codes.

[0055]  In order to achieve useful prediction models for a health outcome of interest, it is
necessary to have a data set comprised of patients with diverse clinical characteristics,
preferably from multiple sources. Diversity of healthcare data is essential for applying
prognostics that are meaningful to individuals within the general population, which includes

atypical as well as typical patients. In its broadest terms, diversity of healthcare relates to the
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full spectrum of health and/or disease outcome predictors. In more specific terms, diverse
healthcare data includes without limitation, clinical characteristics such as age, ethnicity,
gender, body mass index; genetic predictors such as the presence of certain mutations,
deletions, single nucleotide polymorphisms, sequences; metabolic or physiological predictors
such as levels of certain metabolites or secreted factors in the serum, or physiological
measures such as heart rate, and electrocardiogram data.

[0056]  The challenge of extracting the most powerful health outcome prediction tools out
of multiple data sources has remained despite advances in statistical and mathematical
modeling. Some of the obstacles relate to non-standardization of EHR database structure;
variable data entry due to different clinical protocols and workflow among healthcare centers;
slow adoption of IT and network interoperability standards; inefficiencies, liabilities and
thereby costs of data-sharing associated with legal- and institution-imposed protection of
healthcare data that is linked to personal identifiers.

[0057]  The present invention provides methods for harnessing the massive amounts of
healthcare data that exist among multiple sources and turning that data into prediction models
that are rich in diversity and prognostic value and are capable of being applied to patient
populations that may or may not have accumulated years of healthcare data. Further, the
methods of the present invention facilitate the building of prediction models that are based on
diverse datasets from multiple sources without the need to de-identify the healthcare data or
to physically transfer any identifying or de-identified data from the healthcare center. In
practice, a participating healthcare center (PHC) enters its dataset into a Model
Deconstruction and Transfer (MDT) platform, which is installed in the virtual or physical
property of the PHC. The MDT platform includes a variable library (VL), which allows the
PHC to select variables that will be used to generate and validate the prediction model. Once
the prediction model is established, the PHC may further utilize the MDT platform to extract
statistical features and/or components from the prediction model and send those features
and/or components to a third party who can in turn reassemble the statistical features and/or
components, together with statistical features and/or components from other facilities (i.e.,
the multiple sources), into a Model Component Library (MCL). The multi-source-derived
MCL may be applied to other data sets to train and/or validate prediction models that
represent diverse patient profiles originating from multiple sources.

[0058] An advantage of the methods described herein is that the healthcare-related data

sets never need to leave the physical or virtual site of the PHC. Importantly, any MCL-
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generated statistical features and/or components that are sent to the third party are void of any
personal identifiers.

[0059]  Examples 1-6 describe the generation of prediction models according to the
present invention. Example 1 describes an exemplary method by which first prediction
models (PMy) relating to the success rate of intrauterine insemination (IUI) are generated for
each of five clinics, i.e., PHC-A to PHC-E. Example 2 describes the generation of a second
prediction model (PM, ) relating to the ER readmission rate for asthma patients in a
generalized population derived from two tertiary centers (PHC-A and PHC-B) and three
community hospitals (PHC-C to PHC-E). Example 2 also describes how each of the five
PHCs is compensated for their contribution to the generation of the PM;. Examples 3 and 4
provide examples of how the MCL of the present invention may expand the predictive scope
of a healthcare center that does not have sufficient data to develop its own predictions for a
health outcome of interest. In Example 3, a non-PHC regional healthcare network wants a
prediction model for IUI treatment successes, but has very little date of their own. In
Example 4, PHC-E wants a customized prediction model that expands the scope of its PMg
beyond its core patient population. In both examples, Company A prepares an MCL from the
five PMy of Example 1 and deconstructs the data in the MCL to generate a customized PM;
that predicts IUI treatment successes in populations that exceed those specific to the non-
PHC regional healthcare network (Example 3) and PHC-E of Example 4. Example 5
describes a method by which first prediction models (PMy) for three diabetic conditions
(retinopathy, renal disease, and high serum LDL cholesterol) are generated for three clinics
(i.e., 9 PMy generated). Each PMj specific to each condition is deconstructed into its basic
components to prepare an MCL specific to the particular condition (i.e., 3 MCLs prepare).
Each MCL is then used to generate a second prediction model (PM;) that is specific to each
condition in a collective population of patients represented by each of the clinics. Example 6
describes a similar procedure as that described in Example 5, but the disease state is cancer
and the disease progression is tumor recurrence and/or metastasis for a patient in remission
over the next five years period. In this example, PM data for three clinics is generated to
produce 6 PM values, which are deconstructed to prepare an MCL specific to each of the
two conditions. The MCLs are then used to generate a PM; specific to each condition in a
population of patients represented by each of the three clinics. In Examples 1-6, it is to be
understood that the MDT platforms, the VLs, and the MCLs, including all variables and
components in the MDTs, VLs, and MCLs, are owned by Company A. Lastly, itis to be
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understood that PHC may or may not charge Company A for data use for subjecting PHC’s
data to MDT platform may , but in any case, the PHCs will be responsible for preparing their
own back-up copy of the data prior to the destruction of the data sets.

[0060]  In one aspect of the invention, each PMy may be deconstructed to form an MCL,
which parses each of the variables that comprise the PMj into individual components.
Figures 2-4 show a schematic of the deconstruction process of the present invention. The
deconstruction process extracts each and all statistical features from each PMy to from an
MCL. As shown in Figures 2-4, the deconstruction process is most effectively carried out by
a server. The MCL of the present invention is used to generate a second prediction model
PM,, which is capable of providing an accurate prediction of the health outcome of interest
for individuals in a broad population that is represented by the collective population of each
of the PHCs involved in a particular project.

[0061]  The PMyis deconstructed into statistical features of which the MCL is comprised.
These statistical features, or MCL components, include without limitation, the individual
predictive variables of the PMy, or a part of the PMy, and the value ranges or thresholds of the
PMy, or part of the PMy, that has predictive value; the relative contribution of the predictive
variables and associated value ranges; subsets of the predictive variables and associated value
ranges or thresholds that have predictive value; use of subsets of the predictive variables and
thresholds to optimally define patient populations that are enriched for a certain trait,
prognosis or outcome; predictive power; discrimination; and reclassification. Where more
than on PM, is generated from an MCL, the same statistical features (also referred to herein
as “model performance parameters”) may be used to generate, rank, and select between the
more than one PM;.

[0062]  Predictive Power is measured by posterior probability conditioned upon a set of
parameters; it may be expressed in terms of log likelihood, posterior probability of odds ratio
(log scale or linear scale), and/or percentage of improvement in log likelihood.
Discrimination refers to how well a model can differentiate patients with higher versus lower
probabilities of outcomes, or those with significantly different prognoses. The ability to
discriminate can be measured by receiver operator characteristics analysis, where the area-
under-the-curve (AUC) indicates the degree of discrimination and AUC=0.5 indicates the
model has no ability to discriminate. Reclassification is a measure of utility, and refers to the

percentage of patients for whom the prediction model provides predicted probabilities that are
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significantly different from probabilities predicted by the control model (95% Confidence
Interval).

[0063]  Itis to be understood by those of skill in the art that descriptions of a predictive
model typically include estimated error ranges, which may be different for different
percentile ranges of predicted probabilities (e.g., quartiles or quintiles); dynamic range, which
refers to the range of probabilities that can be predicted. In addition to the foregoing, one of
skill in the art will typically calculate the frequency of predicted probabilities obtained from a
prediction model. Alternatively, the percentile rankings may be correlated with thresholds of
predicted probabilities (e.g. the top 10 percentile of patients have > 50% predicted probability
of having a certain outcome.) Within the context of the present invention, the frequency of
predicted probabilities will be directed to a particular patient population for which the
prediction model is being validated, after it has been generated from MCL components (or
statistical features).

[0064]  In another embodiment of the invention, the entire dataset of a PHC may be used
as a training set to develop one or more prediction models with each prediction model
addressing a specific clinical outcome. In this case, it is to be understood that the prediction
models made according to this embodiment will themselves not be validated, but a prediction
model that is built with the help of MCL derived from this PHC’s prediction model for a
client will be subjected to validation using the client’s test set.

[0065]  Ina further embodiment, a PHC may provide a test set, in addition to the training
set. In this case, an MDT platform primarily serves as a mechanism to apply one or more
pre-existing prediction models contained in the MDT platform (prediction models contained
within an MDT platform are referenced by the terms PMy, PM;, PM,, etc.) to the test set and
measure how well the prediction models perform on the test set.

[0066]  Inanother embodiment, the data set may be divided into non-overlapping training
and test sets. The training set may be used by the MDT platform to build one or more
prediction models. These prediction models may then be validated against the test set. The
performance of each model is assessed by statistical tests during the validation process. The
division of data into training and test sets may be accomplished by several methods,
including, without limitation, chronologically, or randomly. A chronological test or training
set generated from a data set spanning six years (e.g., 2005-2010) may comprise a test set
comprised of data from the most recent years (i.e., the most recent 1-3 years available or

2008-2010) calculated from the date of the analysis, and a training set comprised of data from
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later years (i.e., the oldest three years available or 2005-2007) calculated from the date of the
analysis. A randomly prepared test or training set may be generated with or without cross-
validation, wherein many iterations of randomization are carried out and the medium
performance of the randomization studies is measured. It is to be understood that the test and
training sets described herein may also be prepared by more than one method; that is, for
example, a test and training set may be generated through a combination of chronological and
random methods.

[0067] In a further embodiment of the invention, a second data set is obtained from at
least one of the more than one healthcare centers, wherein the second data set comprises
healthcare data that pertains to a group of patients from a healthcare center that is not
represented in the MCL and is non-redundant and unrelated to data used to generate the
MCL.

[0068] In another embodiment of the invention, a second data set from at least one of the
more than one healthcare centers, wherein the second data set comprises healthcare data
pertaining to a group of patients from a healthcare center that is represented in the MCL,
wherein the second data set is non-redundant to the first data set and the healthcare data that
comprises the second data set is unrelated to the healthcare data used to generate the MCL.
[0069]  In a further embodiment of the invention, there is provided a method for
incentivizing PHCs to provide updated data, at regular time intervals, such as each year
through effective compensation methods. With reference to Example 4, which describes a
scenario where the client, i.c., the regional health network, is different from the PHC, the
client pays Company A for producing a validated model that is generated from multiple
sources via the use of the MDT platform and the MCL. The payment to Company A may be
in the form of a project-based fee, which may be an upfront payment, or test-as-a-service
model where the upfront payment is relatively small and the Company is paid on a per-test
basis once the MCL is developed, validated, and available for use. The MCL can be made
available for use via a stand-alone or EHR-supported DSS. Under this payment method, the
PHCs are compensated not for licensing the use of their data, but for participating in the
generation of the MDT platform and the MCL and for contributing to the predictive power of
the final DSS tool. In one embodiment of the invention, Company A organizes participation
of the PHCs, and compensates the PHCs for their participation and relative contribution to
the predictive model. The compensation may be in the form of a flat fee, a fee that reflects a

PHC’s relative contribution to the performance of the prediction model, or a combination of
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the two. In another embodiment of the invention, the client organizes or requests the
participation of designated PHCs, and Company A designs and executes the statistical and
computation work. In the latter embodiment, the client compensates the PHCs directly, and
also pays Company A for the resulting prediction model or the execution of the prediction
model.

[0070]  In another embodiment of the invention, the compensation may be applied to
participation by the PHCs. Factors that impact the amount of compensation include without
limitation, the size or existence of the dataset, the amount or variety of variables, and data
quality (e.g. amount of missing data). In another embodiment of the invention, compensation
is determined by contribution to the MCL components that are being selected for use in the
final predictive model (i.c., the DSS tool). In this regard, there is no way for the PHC to
know a priori, which model components will contribute most to prediction model validation
that uses an independent data set. Presumably, consistency of operations, large data set size,
multiple years of data all confer predictive power, but diversity in patients and their clinical
attributes are also important factors. For example, a very small dataset that has an
enrichment of a rare trait may contribute uniquely to a prediction model if the independent
data set comprises individuals that also share this rare trait.

[0071]  The compensation method described herein not only incentivize healthcare centers
of varying sizes to participate, but also creates a disincentive for fraudulent attempts to
improve a dataset, because it is not possible to know what kind of data will contribute the
most predictive power nor is it possible to know which model components will be most
useful in generating a prediction model for another population. The relative importance of
variables also depends on the population for which a new model is being built. For example,
different MCL model components may be required for two different clients (such as for
example, two different regional healthcare networks whose patient populations have different
characteristics). Compensation to the PHCs may be in the form of a percentage of revenue
share (see, Example 2), a fixed payment per measure of MCL model components used,
membership enrollment, or some other mutually agreeable terms.

[0072] In another embodiment of the invention, one or more third parties may license the
right to use prediction models that have been built from multiple sources via the
MDT/VL/MCL methods described.

[0073] In a further embodiment of the invention, an MCL is generated without the use of

the MDT tool. Under this method, data from one or more PHC is obtained and variables
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specific to a health outcome of interest are selected from the data set. Using a computing
method and the statistical criteria previously discussed, a PM specific for each PHC is
generated. The PMj may then be deconstructed to form an MCL, which may be used to
generate a PM; specific to the health outcome of interest in a population that spans the more
than one PHCs.

[0074]  Ttis to be understood that the models provided herein are meant to be used to
predict any disease state and are not specific and/or exclusive to the disease states described
herein or in the examples and/or claims that follow. In this regard, the foregoing description
and the examples that follow are intended to illustrate and not limit the scope of the
invention. Further, it is to be understood that the embodiments and examples set forth herein
are not exhaustive and that modifications and variations of the invention will be apparent to

those of ordinary skill in the art without departing from the scope and spirit of the invention.

EXPERIMENTAL
[0075]  The following examples are set forth to provide those of ordinary skill in the art
with a complete disclosure of how to make and use the aspects and embodiments of the

invention as set forth herein.

EXAMPLE 1
GENERATION OF A PREDICTION MODEL (PMy) FOR COUNSELING PATIENTS
REGARDING THE SUCCESS OF IUI TREATMENTS

[0076]  This example describes the development of a decision support (DS) tool to
provide the predicted probability of having an intrauterine pregnancy outcome after
intrauterine insemination (IUT) treatment for individuals and couples that have not been able
to conceive naturally.
[0077]  Company A wishes to respond to a need in the fertility market to develop a DS
tool to provide the predicted probability of having an intrauterine pregnancy outcome after
IUI treatment for individuals and couples that have not been able to conceive naturally. In
order to develop this DS tool that will serve a diverse population (e.g. rural, urban, East
Coast, Mid-west, South, West Coast, and various ethnicities) in this country, Company A
establishes a product development arrangement with 5 fertility clinics that collectively serve a

diverse population.
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[0078]  Company A provides a Model Deconstruction and Transfer (MDT) platform on an
external storage medium along with instructions, to each of five PHCs: PHC-A, PHC-B,
PHC-C, PHC-D, and PHC-E. Each MDT is designed to build prediction models for a
specific clinical outcome or set of clinical outcomes. The PHCs are instructed to prepare a
dataset in spreadsheet format, or exportable to one of several input formats, that contains data
pertaining to variables listed in the MDT’s VL. Each PHC may have data for a different
subset of variables in the VL, with some variables being available in more clinics than others.
In addition, if a clinic has data pertaining to variables that are not in the VL, it can create new
variables to add to VL. The PHCs do not need to use an identical set of variables, and the
data input for the variables does not need to be normalized or standardized; in other words,
the structure of the dataset does not need to follow the same rules.

[0079]  The dataset may include PHI and personal identifiers, if permitted by the policies
of the PHC and any applicable HIPPA regulations. Alternatively, this dataset may be a
de-identified or limited data set, which contains dates, but not other personal identifiers. It is
to be understood that the dataset from any particular PHC is not shared with Company A, any
of the other PHCs, or any ultimate users.

[0080] Each PHC runs the MDT platform on-site (see, e.g., FIG. 1); thus, the dataset
entered into the MDT platform does not Ieave the PHC’s physical location and is not exposed
to Company A. Upon completion of the MDT execution, the dataset is automatically
destroyed, and a message confirming destruction is shown and can be printed (to paper or to a
portable data file (pdf)) by the MDT. Because the storage medium and MDT product are
owned by Company A, but are considered to be on loan to each PHC for the specific
execution, the destruction of the dataset confirms that Company A will have no access to the
data set. Upon destruction of the dataset, the MDT, which now contains the prediction
model, PMj, but not the dataset, is returned to Company A for the deconstruction of the PMo,
to generate statistical features, or components, of the MCL. The PHC has the option to
validate the data in the MDT through the use of a test set, which is either generated from the
PHC’s dataset or provided by the PHC as a separate dataset that is entered into the MDT.
The test data set is destroyed along with the training data set.

[0081]  The MDT and external hard drive now contain a prediction model (PMy) (which
may or may not be validated depending on whether or not the PHC ran a validation test or
training set) relating to the success of TUI treatments specific to each PHC. These prediction

models (PMy) do not contain any raw data or identifiers; rather, they are encoded prediction
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models representing the statistical relationships among variables that have predictive value
for the particular PHC from which they are derived.

[0082]  After Company A receives the five MDT platform and external storage media
from each of the five PHCs, the PMg from each MDT platform is downloaded to Company
A’s secure server. Company A will review the performance of each PMj, according to
statistical tests that are determined a priori. Acceptable criteria for the performance tests
may be predetermined or determined at the time of review. Based upon the performance of
the PMy, Company A is able to advise each PHC on how to use the PM; to provide their

patients with information regarding the success rate of IUI treatments in their clinic.

EXAMPLE 2
GENERATION OF A PREDICTION MODEL (PM;) FOR IDENTIFYING PATIENTS
WITH HIGH ER READMISSION RATES AND PHC COMPENSATION MODEL

[0083] A small chain of community hospitals with ER facilities asks Company A to use
MCL model components derived from the ERs of two tertiary centers (PHC-A and PHC-B)
and three community hospitals (PHC-C, PHC-D, and PHC-E) to develop a DS tool to predict
the probability of a patient returning to the ER after being discharged from the ER for an
asthma attack, The DS tool will allow the hospital chain the option to establish or test a
protocol by which asthma patients at high risk of returning to the ER will be subject to a
follow-up procedure within a certain period of time in an outpatient setting in order to
minimize the need to return to the ER.
[0084] Company A generates five first prediction models (PMy) for each of the five
PHCs using an MDT platform as provided in Example 1 to predict the likelihood of an
asthma patient of each PHC returning to the ER after a first admission. Company A then
generates an MCL from each of the five PMg and uses the components in the MCL to
generate a single second prediction model (PM ) that predicts the likelihood of an asthma
patient returning to the ER after a first admission in a patient population that spans that of the
five PHCs. The PM; is trained and validated using the client’s own data.
[0085]  The PM; is gencrated with MCL components from the five PHCs with the
following contributions to predictive power: PHC-A 25%, PHC-B 40%, PHC-C 30%, PHC-
D 4%, and PHC-E 1%. The hospital chain pays Company A for providing the PM;. In turn,
Company A allocates 5% of revenue to be shared with the five PHCs in a ratio according to

their contributions to the predictive power of the PMy, e.g., 25:40:30:4:1. Thus, PHC-A
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receives 1.25% of revenue paid to Company A; PHC-B receives 2.0% of revenue paid to
Company A; PHC-C receives 1.5% of revenue paid to Company A; PHC-D receives 0.2% of
revenue paid to Company A; and PHC-E receives 0.05% total revenue paid to Company A.

EXAMPLE 3

GENERATION OF A PREDICTION MODEL (PM;) FOR A NON-PHC
[0080] A client regional healthcare network, asks Company A to build a customized DS
tool to provide predicted probabilities of the outcome of IUI treatment to its healthcare
providers and patients. The regional healthcare network has only started to offer TUI
treatment in the past two years so it does not have sufficient data to generate and validate its
own prediction model.
[0087]  Company A uses the five prediction models (PMy) of Example 1 to prepare an
MCL that is used to generate a single second prediction model (PM;) that shows the success
rate of [UI treatments in a population of patients represented by the five PHCs of Example 1.
The regional healthcare network’s own data is used as a test set to validate the use of PM; in
the client’s patient population. The performance of PM; is assessed during validation

according to the statistical tests described herein.

EXAMPLE 4

GENERATION OF A CUSTOMIZED PREDICTION MODEL (PM;) FOR A PHC
[0088] PHC-E makes a request to Company A for a customized prediction model (PM;)
that is more predictive than the PM, generated according to Example 1, which is built and
validated based on PHC-E’s own data. Because PHC-E has a very small data set compared
to the other four PHCs (see, compensation model of Example 2), PHC-E is interested to
leverage the collective predictive power that can be harnessed from using the MCL of
Example 3.
[0089]  To prepare the customized prediction model, PHC-E provides Company A with a
de-identified data set that is non-redundant and independent from the data set that was
generated with the MDT platform of Example 1 to build PM; for PHC-E. Company A
performs the same procedures as described in Example 3 for the regional healthcare network
to arrive at a PM; for PHC-E. The PM; is validated with a test and training set derived from
PHC-E’s own data.
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EXAMPLE 5

GENERATION OF PREDICTION MODEL (PM;) FOR IDENTIFYING PATIENTS WITH

DIABETES THAT HAVE A HIGH RISK OF DISEASE PROGRESSION WITHIN A

SPECIFIED TIME PERIOD

[0090] A client hospital clinic wishes to develop a DS tool to identify diabetic patients
that have a high probability of disease progression in specific areas such as retinopathy, renal
disease, and high serum LDL cholesterol level within 6 months. Company A obtains data
sets from three PHCs (PHC-1 to PHC-3) to generate nine individual first prediction models
(PMy): three PM, for PHC-1, each PM specific for progression of the three disease states
(i.e., retinopathy, renal disease, and high serum LDL cholesterol) in diabetic patients in a six-
month period; three PM, for PHC-2, each PM specific for each of the three disease states;
and three PM, for PHC-3, each PMj specific for each of the three disease states. Variables
included in the data sets that are used to prepare the PMg values, include without limitation,
full blood and urinalysis panels over a specified period of time; data from eye exams and
retina maps over a specified period of time; patient history relating to the frequency,
occurrence and/or reoccurrence of kidney infections, gender, age, BMI, and patient
nutritional and lifestyle habits. The nine PM are used to prepare three MCLs with each
MCL specific for each disease state, Each of the three MCL is used to generate each of three
second prediction models (PM;), which are able to predict the progression of retinopathy,
renal disease, and high serum LDL cholesterol, respectively, in diabetic patients in a six-
month period, across a patient population that is thought to be represented by the collective
populations of PHC-1 to PHC-3. The DS tool comprising the three PM; values will allow the
client to identify at-risk patients to enroll in a new management plan that provides more
frequent visits, monitoring, and education, with the goal of decreasing the rate of disease

progression.

EXAMPLE 6
GENERATION OF PREDICTION MODEL (PM;) FOR IDENTIFYING PATIENTS WITH
CANCER THAT HAVE A HIGH RISK OF DISEASE PROGRESSION WITHIN A
SPECIFIED TIME PERIOD
[0091] A client cancer clinic wishes to develop a DS tool to identify cancer patients in
remission that have a high probability of discase progression in the form of tumor recurrence

and/or metastasis. Company A obtains data sets from three PHCs (PHC-1 to PHC-3) to
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generate six individual first prediction models (PMy): two PM; for each of PHC-1, PHC-2,
and PHC-3, with each PM, specific for progression of the two disease states (i.e., tumor
recurrence and tumor metastasis) in cancer patients in a five year period. Variables that are
included in the data sets that are used to prepare the PM values include, without limitation,
known cancer biomarkers, gender, age, BMI, molecular diagnoses, pathological subtyping,
health history, and patient response to previous treatments. The six PM are used to prepare
two MCLs, one for each disease state. The two MCLs are used to generate two second
prediction models (PM;), which are able to predict the progression of tumor recurrence and
tumor metastasis, respectively, in cancer patients who are currently in remission for the next
five years across a patient population that is thought to be represented by the collective
populations of PHC-1 to PHC-3. The DS tool comprising the two PM; values will allow the
client to identify at-risk patients to enroll in a new management plan that provides more
frequent visits, monitoring, and education, with the goal of detecting tumor recurrence and/or
metastasis carlier, so that treatments may be considered and initiated sooner to stop disease

progression.

24

SUBSTITUTE SHEET (RULE 26)



WO 2013/049771 PCT/US2012/058189

WE CLAIM:

1. A method of generating a prediction model for a health outcome of interest
comprising the steps of:

(a)  providing more than one healthcare centers with a Model Deconstruction and
Transfer (MDT) platform comprised of a variable library (VL), wherein each healthcare
center enters at least one data set relevant to the health outcome of interest into the MDT
platform and selects variables from the VL that are relevant to the health outcome of interest;

(b)  generating at Ieast one prediction model (PMy) for each healthcare center from

the MDT platform, wherein the at least one PMj is based upon the selected variables.

2. The method of claim 1, further comprising the steps of:

(c)  generating a Model Component Library (MCL) from each PM,, wherein the
MCL comprises components that result from deconstruction of each PMy, and

(d)  generating at least one second prediction model (PM;) from the MCL, wherein
the at least one PM; is designed to predict the probability of the health outcome of interest in

a population of patients collectively representative of each healthcare center.

3. The method of claim 1, wherein the health outcome of interest is selected from
the group consisting of poor treatment response, worsening of a condition, rate of disease
progression, probability of success following an interventional procedure, probability of
failure following an interventional procedure, probability of complications following an
interventional procedure, readmission to emergency services for a specific condition,
readmission to a hospital for a specific condition, development of co-morbidities, and

combinations of any of the foregoing,

4. The method of claim 1, wherein the VL comprises variables selected from the
group consisting of patient demographics, patient insurance policy status, patient billing data,
patient family history, patient laboratory results, patient imaging results, patient pathology
results (tissue biopsies), patient immunopathology results, patient cytology results, patient
cytogenetic results, patient gene expression, patient metabolic panels, patient metabolic
profiles, patient genomic data, patient response to procedures, patient medications, patient

therapeutic regimens, patient acute care parameters, patient ambulatory monitoring;
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frequency of outpatient visits, frequency of emergency visits, frequency of hospital
admissions, frequency of hospital re-admissions; quality of life assessments; clinical
characteristics (clinical signs and symptoms), clinical diagnoses, clinic inpatient procedures,
clinic outpatient procedures; monitoring for cancer recurrence, psychiatric assessments; and

CPT (current procedural technology) diagnostic codes.

5. The method of claim 2, wherein the MCL components are selected from the
group consisting of patient demographics, patient insurance policy status, patient billing data,
patient family history, patient laboratory results, patient imaging results, patient pathology
results (tissue biopsies), patient immunopathology results, patient cytology results, patient
cytogenetic results, patient gene expression, patient metabolic panels, patient metabolic
profiles, patient genomic data, patient response to procedures, patient medications, patient
therapeutic regimens, patient acute care parameters, patient ambulatory monitoring;
frequency of outpatient visits, frequency of emergency visits, frequency of hospital
admissions, frequency of hospital re-admissions; quality of life assessments; clinical
characteristics (clinical signs and symptoms), clinical diagnoses, clinic inpatient procedures,
clinic outpatient procedures; monitoring for cancer recurrence, psychiatric assessments; and

CPT (current procedural technology) diagnostic codes.

6. The method of claim 1, wherein the MDT platform is provided in an electronic

storage medium.

7. The method of claim 6, wherein the electronic storage medium is selected
from the group consisting of an external hard drive, a CD ROM, a USB memory device, an
electronic mobile device, desktop computer, a server, a VPN, a secure internet website, and a

software product that is downloadable from the internet with security features.

8. The method of claim 7, wherein the server is selected from an on-site local
server at the healthcare center and an off-site collocation or ¢loud server controlled by the

healthcare center.
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9. The method of claim 1, wherein the at least one PMj is generated using
statistical techniques selected from the group consisting of machine learning, logistic

regression, linear regression, non-linear regression, and combinations of any of the foregoing.

10.  The method of claim 9, wherein the machine learning techniques are selected
from the group consisting of classification tree methods, LASSO (least absclute shrinkage
and selection operator), Bayesian network modeling, and combinations of any of the

foregoing,

11.  The method of claim 10, wherein the classification tree method is a boosted

tree method.

12. The method of claim 1, wherein at least one PMj is validated by a validation

test originating from at least one of the more than one healthcare centers.

13, The method of claim 12, wherein performance of the validated at least one

PMj is measured by comparison against performance of a control model.

14, The method of claim 2, wherein the at least one PM; is validated against a test

data set originating from a healthcare center to which the at least one PM; will be applied.

15.  The method of claim 14, wherein performance of the validated at least one

PM, is measured by comparison against performance of a control model.

16.  The method of claim 13, wherein the comparison is carried out by applying
statistical criteria selected from the group consisting of predictive power based on posterior
log likelihoods, predictive power based upon posterior probability of an event, predictive
power based upon estimated errors of prediction, dynamic range of predicted probabilities,
reclassification, frequency of predicted probabilities, cross-validation error, number of model

components required, and discrimination.

17.  The method of claim 15, wherein the comparison is carried out by applying

statistical criteria selected from the group consisting of predictive power based on posterior
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log likelihoods, predictive power based upon posterior probability of an event, predictive
power based upon estimated errors of prediction, dynamic range of predicted probabilities,
reclassification, frequency of predicted probabilities, cross-validation error, number of model

components required, and discrimination.

18.  The method of claim 2, wherein the at least one PM; is generated from the
MCL by using individual MCL components as variables in the at least one PM; with

differential weighting,

19.  The method of claim 18, wherein a single MCL component may be used more

than once in a single PM;.

20.  The method of claim 19, wherein each use of a single MCL component is

subject to a different statistical function,

21.  The method of claim 2, further comprising the step of:

(¢)  obtaining at least one second data set from at least one of the more than one
healthcare centers, wherein the at least one second data set comprises healthcare data that
pertains to a group of patients from a healthcare center that is not represented in the MCL and

is non-redundant and unrelated to data used to generate the MCL.

22, The method of claim 2, further comprising the step of:

(¢)  obtaining at least one second data set from at least one of the more than one
healthcare centers, wherein the at least one second data set comprises healthcare data
pertaining to a group of patients from a healthcare center that is represented in the MCL,
wherein the at least one second data set is non-redundant to the at least one data set of step (a)
and the healthcare data that comprises the at least one second data set is unrelated to the

healthcare data used to generate the MCL.

23, The method of claim 21, wherein the at least one second data set comprises a

training set.

8-

SUBSTITUTE SHEET (RULE 26)



WO 2013/049771 PCT/US2012/058189

24, The method of claim 22, wherein the at least one second data set comprises a

training set.

25.  The method of claim 21, wherein the at least one second data set comprises a

test set.

26.  The method of claim 22, wherein the at least one second data set comprises a

test set.

27.  The method of claim 21, wherein the at least one second data set comprises a

combination of a test set and a training set.

28.  The method of claim 22, wherein the at least one second data set comprises a

combination of a test set and a training set.

29.  The method of claim 27, wherein the at least one second data set is divided
into training and test sets chronologically according to the year of origin of the healthcare

data,

30.  The method of claim 28, wherein the at least one second data set is divided
into training and test sets chronologically according to the year of origin of the healthcare

data.

31. The method of claim 23, wherein the at least one PM; comprises MCL
components that are selected based upon the performance of the at least one PM; to predict

probabilities of the healthcare outcome in the training set.

32. The method of claim 24, wherein the at least one PM; comprises MCL
components that are selected based upon the performance of the at least one PM; to predict

probabilities of the healthcare outcome in the training set.
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33, The method of claim 25, wherein the at least one PM; comprises MCL
components that are selected based upon the performance of the at least one PM; to predict

probabilities of the healthcare outcome in the test set.

34, The method of claim 26, wherein the at least one PM; comprises MCL
components that are selected based upon the performance of the at least one PM; to predict

probabilities of the healthcare outcome in the test set.

35, The method of claim 2, wherein at least two PM; are generated, ranked, and
selected according to model performance parameters selected from the group consisting of
posterior log likelihoods, predictive power based upon posterior probability of an event,
predictive power based upon estimated errors of prediction, dynamic range of predicted
probabilities, reclassification, frequency of predicted probabilities, cross-validation error,

number of model components required, and discrimination.,

36. A method of generating a prediction model for a health outcome of interest
comprising the steps of’

(a)  obtaining at least one data set relevant to the health outcome of interest from
more than one healthcare centers;

(b)  selecting variables from the at least one data set that are relevant to the health
outcome of interest;

(c)  generating at least one first prediction model (PMy) for each healthcare center
based upon differential weighting of the at least one data set variables, wherein the at least
one PMj is generated using a computing device;

(d)  generating a Model Component Library (MCL) from each PM,, wherein the
MCL comprises components that result from deconstruction of each PMy; and

(e)  generating at least one second prediction model (PM;) from the MCL based
upon differential weighting of the MCL components relevant to the health outcome of

interest.

37.  The method of claim 36, wherein in step (a) each healthcare center enters the
at least one data set into a Model Deconstruction and Transfer (MDT) platform comprising a

variable library (VL).
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38.  The method of claim 36, wherein the health outcome of interest is selected
from the group consisting of poor treatment response, worsening of a condition, rate of
disease progression, probability of success following an interventional procedure, probability
of failure following an interventional procedure, probability of complications following an
interventional procedure, readmission to emergency services for a specific condition,
readmission to a hospital for a specific condition, development of co-morbidities, and

combinations of any of the foregoing,

39.  The method of claim 36, wherein the MCL components are selected from the
group consisting of patient demographics, patient insurance policy status, patient billing data,
patient family history, patient laboratory results, patient imaging results, patient pathology
results (tissue biopsies), patient immunopathology results, patient cytology results, patient
cytogenetic results, patient gene expression, patient metabolic panels, patient metabolic
profiles, patient genomic data, patient response to procedures, patient medications, patient
therapeutic regimens, patient acute care parameters, patient ambulatory monitoring;
frequency of outpatient visits, frequency of emergency visits, frequency of hospital
admissions, frequency of hospital re-admissions; quality of life assessments; clinical
characteristics (clinical signs and symptoms), clinical diagnoses, clinic inpatient procedures,
clinic outpatient procedures; monitoring for cancer recurrence, psychiatric assessments; and

CPT (current procedural technology) diagnostic codes.

40.  The method of claim 36, wherein the computing device of step (c) is
programmed to run statistical techniques selected from the group consisting of machine
learning, logistic regression, linear regression, non-linear regression, and combinations of any

of the foregoing.
41.  The method of claim 40, wherein the machine learning techniques are selected
from the group consisting of classification tree methods, LASSO (icast absolute shrinkage

and selection operator), Bayesian network modeling, and combinations of any of the

foregoing,
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42.  The method of claim 41, wherein the classification tree method is a boosted

tree method.

43, The method of claim 36, wherein at least one PMy is validated by a test data

set originating from one or more of the healthcare centers.

44, The method of claim 43, wherein performance of the validated at least one

PMj is measured by comparison against performance of a control model.

45.  The method of claim 36, wherein at least one PM; 1s validated by a test data

set originating from one or more of the healthcare centers.

46.  The method of claim 45, wherein performance of the validated at least one

PM, is measured by comparison against performance of a control model.

47.  The method of claim 44, wherein the comparison is carried out by applying
statistical criteria selected from the group consisting of predictive power based on posterior
log likelihoods, predictive power based upon posterior probability of an event, predictive
power based upon estimated errors of prediction, dynamic range of predicted probabilities,
reclassification, frequency of predicted probabilities, cross-validation error, number of model
components required, ease of implementation, computing time, discrimination, calibration,

and reclassification.

48.  The method of claim 46, wherein the comparison is carried out by applying
statistical criteria selected from the group consisting of predictive power based on posterior
log likelihoods, predictive power based upon posterior probability of an event, predictive
power based upon estimated errors of prediction, dynamic range of predicted probabilities,
reclassification, frequency of predicted probabilities, cross-validation error, number of model
components required, ease of implementation, computing time, discrimination, calibration,

and reclassification.
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49.  The method of claim 36, wherein the at least one PM; is generated from the
MCL by using individual MCL components as variables in the PM; with differential
weighting.

50.  The method of claim 49, wherein a single MCL component may be used more

than once in a single PM;.

51.  The method of claim 50, wherein each use of a single MCL component is

subject to a different statistical function.

52. The method of claim 36, further comprising the step of:

6 obtaining at least one second data set from at least one of the more than one
healthcare centers, wherein the at least one second data set comprises healthcare data that
pertains to a group of patients from a healthcare center that is not represented in the MCL and

is non-redundant and unrelated to data used to generate the MCL.

53.  The method of claim 36, further comprising the step of:

(f) obtaining at least one second data set from at least one of the more than one
healthcare centers, wherein the at least one second data set comprises healthcare data
pertaining to a group of patients from a healthcare center that is represented in the MCL,
wherein the at least one second data set is non-redundant to the at least one data set of step (a)
and the healthcare data that comprises the at least one second data set is unrelated to the

healthcare data used to generate the MCL.

54.  The method of claim 52, wherein the at least one second data set comprises a

training set.

55.  The method of claim 53, wherein the at least one second data set comprises a

training set.

56.  The method of claim 52, wherein the at least one second data set comprises a

test set.
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57.  The method of claim 53, wherein the at least one second data set comprises a

test set.

58.  The method of claim 52, wherein the at least one second data set comprises a

combination of a test set and a training set.

59.  The method of claim 53, wherein the at least one second data set comprises a

combination of a test set and a training set.

60.  The method of claim 58, wherein the at least one second data set is divided
into training and test sets chronologically according to the year of origin of the healthcare

data,

61.  The method of claim 59, wherein the at least one second data set is divided
into training and test sets chronologically according to the year of origin of the healthcare

data.

62. The method of claim 54, wherein the at least one PM; comprises MCL
components that are selected based upon the performance of the at least one PM; to predict

probabilities of the healthcare outcome in the training set.

63.  The method of claim 55, wherein the at least one PM; comprises MCL
components that are selected based upon the performance of the at least one PM; to predict

probabilities of the healthcare outcome in the training set.

64.  The method of claim 56, wherein the at least one PM; comprises MCL
components that are selected based upon the performance of the at least one PM; to predict

probabilities of the healthcare outcome in the test set.

65. The method of claim 57, wherein the at least one PM; comprises MCL
components that are selected based upon the performance of the at least one PM; to predict

probabilities of the healthcare outcome in the test set.

34

SUBSTITUTE SHEET (RULE 26)



WO 2013/049771 PCT/US2012/058189

66.  The method of claim 36, wherein at least two PM are generated, ranked, and
selected according to model performance parameters selected from the group consisting of
posterior log likelihoods, predictive power based upon posterior probability of an event,
predictive power based upon estimated errors of prediction, dynamic range of predicted
probabilities, reclassification, frequency of predicted probabilities, cross-validation error,

number of model components required, and discrimination.

67. A method of compensating a healthcare center based upon data provided by
the healthcare center for use in the generation of a prediction model for a health outcome
comprising the steps of:

(a)  providing more than one healthcare centers with a variable library (VL),
wherein each healthcare center enters at least one data set relevant to the health outcome of
interest and selects variables from the VL that are relevant to a health outcome of interest;

(b)  generating at least one first prediction model (PMy) for each healthcare center,
wherein each PM, is based upon the sclected variables;

(c) generating a Model Component Library (MCL) from each PM,, wherein the
MCL comprises components that result from deconstruction of each PMy;

(d)  generating at least one second prediction model (PM;) for the health outcome
of interest based upon the MCL components;

(¢)  compensating the healthcare center according to the MCL components that

contribute to the generation of the at least one PM;.

68.  The method of claim 67, wherein the VL is provided in a Model
Deconstruction and Transfer (MDT) platform.

69.  The method of claim 67, wherein factors determining the healthcare center’s
compensation are selected from the group consisting of size or existence of the healthcare
center’s data, amount or variety of variables selected by the healthcare center, amount and/or
quality of data missing from the data provided by the healthcare center, and contribution of

MCL components derived from the at least one PMj.

70.  The method of claim 67, wherein the healthcare center of step (e) is

compensated according to a percentage of revenue share based upon contribution of MCL
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components derived from the PMy that are instrumental to performance of the at least one

PM,.

71. The method of claim 67, wherein the healthcare center of step (e) is

compensated according to a fixed payment per measure of MCL components used in the PM;

72, A method of compensating a healthcare center based upon data provided by
the healthcare center for use in the generation of a prediction model for a health outcome
comprising the steps of:

(a) obtaining at least one data set relevant to the health outcome of interest from
more than one healthcare centers;

(b)  selecting variables from the at least one data set that are relevant to the health
outcome of interest;

(c)  generating at least one first prediction model (PMy) for each healthcare center
based upon the differential weighting of the variables relevant to the health outcome of
interest, wherein the at least one PMj is generated using a computing device;

(d)  generating a Model Component Library (MCL) from each PM,, wherein the
MCL comprises components that result from deconstruction of each PMy; and

(¢)  generating at least one second prediction model (PM;) for the health outcome
of interest based upon differential weighting of the MCL components relevant to the health
outcome of interest;

(f) compensating the healthcare center according to the MCL components that

contribute to the generation of the at least one PM;.

73. The method of claim 72, wherein in step (a), the at least one data set is
provided in a Model Deconstruction and Transfer (MDT) platform comprising a variable

library (VL).

74, The method of claim 72, wherein factors determining the healthcare center’s
compensation are selected from the group consisting of size or existence of the healthcare
center’s data, amount or variety of variables selected by the healthcare center, amount and/or
quality of data missing from the data provided by the healthcare center, and contribution of

MCL components derived from the at least one PMj,.
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75. The method of claim 74, wherein the healthcare center of step (f) is
compensated according to a percentage of revenue share based upon contribution of MCL
components derived from the PMg that are instrumental to performance of the at least one

PM;.

76.  The method of claim 75, wherein the healthcare center of step (f) is
compensated according to a fixed payment per measure of MCL components used in the at

least one PM;.
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