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200
~210 212 214 :,~->216 ~218 220 250

Event code Relative | Age | Smoker Diabetes 2 | CHF Event

{e.g. diagnosis time patient patient Weight

code, procedure

code, medication

code)

CPT: 8151 3 40-50 | No Yes No 100
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CPT: 3722 4 40-50 | No No Yes 200
months

CPT: 8154 2 60-70 | Yes Yes No 130
months

ICD10; K76.89 8 20-30 | No No No 10
months

ICD10:; K768.89 10 60-70 | Yes Yes Yes 550
months
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APPLYING PREDICTIVE MODELS TO DATA
REPRESENTING A HISTORY OF EVENTS

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application is a nonprovisional application of U.S.
Provisional Patent Application Ser. No. 62/658,868, filed on
Apr. 17, 2018, and entitled “APPLYING MACHINE
LEARNING MODELS TO EVENT HISTORY DATA BY
APPLYING EVENT WEIGHTS AS A FUNCTION OF
RELATIVE TIME OF EVENTS”, which is hereby incor-
porated by reference.

BACKGROUND

A challenge in the health care industry is providing
meaningful data, on a regular basis, to health care providers,
patients, insurers, care managers and other entities, regard-
ing health care outcomes of patients, quality of care by
health care providers, and a variety of other health-related
metrics. Recently, computer systems have been able to
provide measures of health care outcomes and other health-
related metrics, such as various types of outcome measure-
ments, scores, categorization and classification, risk identi-
fication, and risk factors, for patients, and quality of care and
other metrics about health care providers. Such computer
systems generally use models which perform analytical
computations on patient data, which include, but are not
limited to, mathematical operations applied to data, classi-
fiers, clustering algorithms, predictive models, neural net-
works, deep learning algorithms and systems, artificial intel-
ligence systems, machine learning algorithms, Bayesian
systems, natural language processing, or other types of
analytical models applied to small or large sets of data.
Generally, such a model receives data values for an entity for
a plurality of input features and provides an output for the
entity based on the received data values. Some types of
models are trained using a training data set in which the
outputs corresponding to a set of inputs are known.

SUMMARY

This Summary introduces a selection of concepts, in
simplified form, which are described further in the Detailed
Description below. This Summary is intended neither to
identify key or essential features, nor to limit the scope, of
the claimed subject matter.

Health care data, and other types of data about entities,
often include data representing a history of events. An event
is an occurrence, or a thing that has happened. Event data is
the data representing the event, which includes data repre-
senting a type of the event, and data representing when that
event occurred, such as a date or time or both, which can be
absolute or relative values. The type of the event can be any
data that can characterize, label, or categorize the event. In
health care, examples of events include, but are not limited
to, a doctor’s visit, an order of a laboratory test, a recording
of a laboratory result, a recording of a diagnosis, copying of
previous diagnoses or events, a prescription of a medication,
a surgery or other medical procedure. Examples of types of
events include, but are not limited to, standard codes for
diagnoses, laboratory results, medications, treatments, and
procedures. An example of event data to represent an event
is a combination of such a standard code and a date.

An entity also may have an outcome. An outcome can be
any value associated with an entity, and optionally a time.
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An outcome has a set or range of possible values, and an
entity has a value indicative of the outcome for that entity
which is from this set or range or possible values. Examples
of outcomes in health care include, but are not limited to, a
classification, a diagnosis, a result of treatment, a ranking
among entities, a cost of treatment or care, or any other
medical value. An outcome can be known or unknown. A
“known” outcome is a value indicative of the outcome for
the entity which is actually known or has been reasonably
and reliably estimated from known data for the entity.

Predictive models can be used to estimate values indica-
tive of outcomes for entities where those values are
unknown, based on data about entities for which values
indicative of their outcomes are known. A predictive model
is built or trained using the data about entities for which
values indicative of their outcomes are known, and then the
predictive model can be applied to data about other entities
to estimate values indicative of their outcomes. In some
implementations, the predictive model also can output data
indicating a probability or confidence in the value indicative
of the outcome.

As further described herein, a predictive model can be
applied to data representing a history of events for an entity
to compute a value indicative of an outcome related to a
reference time for that entity. The predictive model has
inputs that receives data values for input features derived
from the history of events. The predictive model has an
output that provides the computed value indicative of the
outcome. The model is “predictive” in that it generates data
for which actual data is not currently available, i.e., the value
indicative of the outcome for the entity, based on available
data, i.e., the data representing the history of events for the
entity and any other data for the entity, such as demographic
or medical data. Examples of what a value indicative of an
outcome may represent include, but are not limited to: an
inference of a characteristic of an entity, such as a diagnosis;
an estimate of likelihood or risk; an estimate of a value that
may be realized in the future, such as a future cost or future
risk or other future value; or an estimate of something that
occurred in the past or present for which data is not currently
available; or other value for which the data does not include
a currently measured value; or any classification or ranking
according to any of the above. Thus, the output of a
predictive model also may be called a predicted outcome, an
estimated outcome, an inferred outcome or similar term.

The relative time of an event with respect to a reference
time, such as the current time, is the difference in time
between when the event occurred and the reference time.
The effect of an event from an entity’s history of events on
an outcome for the entity at a reference time can vary based
on the type of the event and the relative time of that event
with respect to the reference time. Thus, when building a
predictive model which computes a value indicative of an
outcome at a reference time for an entity based on a history
of events for that entity, it would be desirable for the output
of'the predictive model to reflect the impact relative times of
events with respect to the reference time can have on the
outcome.

The effect of an event from an entity’s history of events
on an outcome for the entity also can vary due to other
characteristics of the entity in combination with the event.
For example, with health care data, the effect of an event on
an outcome can vary across different patient cohorts defined
by various characteristics. Different patient cohorts can be
defined, for example, by different demographic profiles,
such as age, gender, and family history of disease. Different
patient cohorts can be defined, for example, by different
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medical conditions, such as comorbidities, such as diabetes,
obesity, congestive heart failure, or genetic profile, such as
the presence of certain sequence in the patient’s DNA. Thus,
when building a predictive model which computes a value
indicative of an outcome for an entity based on a history of
events for that entity, it would be desirable for the output of
the predictive model to reflect the impact such characteris-
tics can have on the outcome.

The characteristics which are selected to be included
among those characteristics of an entity which are used to
modify the effect of an event on a predicted outcome for the
entity are called herein “entity profile characteristics™. These
entity profile characteristics can be any data about an entity
that is selected to be used. With health care data, examples
of entity profile characteristics include, but are not limited
to, demographic data and medical conditions. In some cases,
a medical condition (such as diabetes) can be treated both as
an entity profile characteristic (data may indicate a patient
has this condition) and as an event (diagnosis codes may
occur in the history of event data for the patient). In some
cases, other patient data, such as age, can be treated both as
an entity profile characteristic and as an input feature to the
predictive model.

Building a predictive model using, and applying a pre-
dictive model to, data representing a history of events, using
combinations of event data with relative time of events
and/or entity profile characteristics introduces several com-
plexities. For example, using every single type of event as
input (predictive feature) to the model results in very large
number of inputs to the predictive model. The number of
inputs increases manifold when we include multiple relative
times for each event.

A predictive modeling algorithm would have to simulta-
neously learn the effects of every type of event and for
multiple relative times. The presence of large numbers of
inputs (predictive features) causes a strain on these algo-
rithms and often leads to suboptimal predictive models.
Also, the importance of a relative time of an event generally
is specific to that event, e.g., the importance of a relative
time is different for a cardiac event, for a surgery, or for a
genetic test. Thus, different kinds of events have different
relative times that are relevant. Furthermore, if entity profile
characteristics are used as stand-alone predictive features
that are direct inputs to the predictive model, then the model
has increased difficulty learning the different effect of each
entity profile characteristic in combination with each type of
event and relative time; if the entity profile characteristics
enter the model in the form of interactions with type of
events or relative times or both, then there would be a
significant increase in the number of inputs to the predictive
model and there would be further strain on the capability of
the predictive model to optimize the predictive performance
of the resulting model. These complexities could make it
difficult to train a predictive model.

Given an adequate volume of data for cohorts defined by
different combinations of types of events, relative times of
events with respect to a reference time, and entity profile
characteristics, dependencies of outcomes on these combi-
nations can be represented in data that are computed directly
from the history of event data and then input to the predic-
tive model. Thus, instead of using various data as direct
inputs to a predictive model, a computer system computes,
for an entity, one or more functions of one or more set of
events from the history of events for the entity and a set of
weights for these events. The computed results are the inputs
to the predictive model. Effectively, instead of predicting a
patient’s outcome as a function of the combination of events
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and conditions in the patient’s history, the system learns
effects of events and conditions (in the weight tables) and in
turn predicts a patient’s outcome as a function of the
combination of the effects of these events and conditions.
The number of inputs to the predictive model depends on the
number of functions and the number of sets of events used,
and not on the number of relative times computed, the
number of types of events in the data, or the number of entity
profile characteristics used.

In some implementations, the set of weights includes
weights corresponding to tuples that represent different
combinations of types of events, relative times of events,
and entity profile characteristics. A weight is specified in the
set of weights for each tuple. A tuple can have more than one
corresponding weight. In some implementations, a weight is
specified for a combination of a type of event with a relative
time and/or an entity profile characteristic. A weight may be
associated with a type of event, a type of event with a
relative time, a type of event with an entity profile charac-
teristic, or a type of event with both a relative time and an
entity profile characteristic. The set of weights can be stored
in a weight table in which a tuple has a corresponding row
including data representing the tuple and data representing
the weight or weights for the tuple, in one or more other
columns.

In the set of weights, different weights may be specified
for a type of event when an event of that type occurs with
different relative times with respect to the same reference
time. For example, an event such as a surgery may have one
weight if the event occurred one month from the current time
compared to if the event occurred two years from the current
time. Different weights may be specified for a type of event
when an event of that type occurs with different reference
times, such as one year from the current time versus one year
from a surgery. Different weights also may be specified for
a type of event when an event of that type occurs in different
combinations with entity profile characteristics of the entity.
For example, an event such as a surgery may have one
weight if a patient also has a diagnosis of diabetes, and a
different weight if a patient does not have diabetes, provided
that diabetic status is used as an entity profile characteristic.

For example, given a set of medical events that may occur
in a patient history, such as the combined sets of ICD10
diagnosis codes and CPT procedure codes, a set of entity
profile characteristics, and a set of relative times, such as {0
months, 1 month, . . ., 20 months}, the system provides
weights for unique combinations of values from the three
sets. A weight is intended to capture an effect of a specific
medical event in a patient history, for a patient with given
entity profile characteristics or when the medical event
occurs at a specified time with respect to a reference time,
on a medical outcome related to the reference time or on a
medical value that is associated with the patient and related
to the reference time, e.g., a total expenditure for a patient
over a year starting from the reference time.

In some implementations, weights for relative times may
be at a temporal resolution and/or temporal range which is
different from relative times desired to be used when apply-
ing the predictive model. For example, weights may have
been computed for relative times occurring at one-month
intervals for a period of two years from a reference time.
When using the weights, it may be desirable to have relative
time data that is, for example, for a period of three years, or,
for example, occurring at one-week intervals. A form of
interpolation and/or extrapolation applied to the set of
weights can be used to obtain other weights corresponding
to relative times not represented in the set of weights.
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In both training a model and applying a model, one or
more sets of events are extracted from data representing a
history of events for an entity. Relative times for events in
those sets of events can be calculated with respect to a
reference time. Weights for the events in the sets are
retrieved from the set of weights based on combinations of
the events with any relative times and/or any entity profile
characteristics. Given a set of events, the computer system
computes one or more quantities using one or more func-
tions of the weights for the events included in the set. Such
a function can be, for example, a linear function, such as a
weighted sum, or a nonlinear function, such as a maximum.
The quantities computed for the set of events for the given
entity are part of the input to the model for the model to
compute a value for the outcome for that entity.

Using functions to compute quantities based on set of
weights and a history of events, and providing the computed
quantities as inputs to a predictive model, the computer
system can efficiently build predictive models using, and can
apply those predictive models to, data representing a history
of events for entities, such as patient medical data, while
incorporating relative time of events and entity profile
characteristics.

The set of weights and the predictive model for predicting
an outcome are trained using data sets for entities for which
values indicative of the outcome is known. Preferably,
separate data sets are used for training the set of weights and
for training the predictive model. The weights are trained
first, and then used in the training of the predictive model.

To train a set of weights, a weight table training module
selects events from the training set. For a selected event for
an entity, a relative time for the event with respect to a
reference time is computed, and an outcome for the entity
related to the reference time is computed based on the
known outcome for the entity. For a tuple representing a
combination of a type of event, a relative time, or an entity
profile characteristic, a weight for the tuple is computed
based on the computed outcomes related to the selected
events corresponding to the tuple. The weight also can be
based on data indicative of a number of entities having the
selected events corresponding to the tuple and/or a number
of times the selected events appear in the histories for these
entities.

Such a predictive model also can be subjected to further
analysis, for a selected entity or set of entities, to explain
which features (including events) in each entity’s data most
affect the outcome of the predictive model. In some imple-
mentations, the computer system can personalize the pre-
dictive model with respect to the selected entity using data
values for the selected entity. The computer system inputs
one or more different data values for selected input features
of the personalized model, while data values for the remain-
ing input features of the personalized model are fixed to data
values for the selected entity. The effect of the different data
values for the selected input features on the outcome pre-
dicted by the model can be determined and information
related to this effect can be communicated to a user.

In the following Detailed Description, reference is made
to the accompanying drawings which form a part of this
disclosure. These drawings show, by way of illustration,
example implementations. Other implementations can be
made without departing from the scope of this disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1A is a data flow diagram of an example computer
system supporting applying predictive models to data rep-
resenting a history of events.

10

20

25

30

35

40

45

50

55

60

65

6

FIG. 1B is a data flow diagram illustrating components of
FIG. 1A used for training a set of weights.

FIG. 1C is a data flow diagram illustrating components of
FIG. 1A used for training a predictive model given a trained
set of weights.

FIG. 1D is a data flow diagram illustrating components of
FIG. 1A used for applying a trained predictive model using
a trained set of weights to entity data.

FIG. 2 is an example implementation of a data structure
representing a weight table.

FIG. 3 is an illustrative example of a graph relating the
output of a predictive model with known outcome data.

FIG. 4 is a block diagram of an example computer.

FIG. 5 is an example graphical user interface for a mobile
device accessing the computer system.

FIG. 6 is an example graphical user interface for a
computer that accesses the computer system.

DETAILED DESCRIPTION

Referring to FIGS. 1A-D, a data flow diagram of an
example implementation of a computer system, which
applies predictive models to data representing a history of
events, will now be described. The predictive model outputs
a value indicative of an outcome. An outcome may represent
an inference of a characteristic of an entity, such as a
classification or diagnosis, an estimate of likelihood or risk,
an estimate of a value that may be realized in the future, such
as a future cost or future risk or other future value, or an
estimate of something that occurred in the past for which
data is not currently available, or other value for which the
data does not include a currently measured value.

This computer system as illustrated in FIG. 1A incorpo-
rates components for training a set of weights, for training
a predictive model, and for applying a trained predictive
model to entity data. It should be understood that separate
computer systems can be deployed which separate the
operations of training a predictive model, the operations of
training a set of weights, and the operations of applying a
trained predictive model. FIG. 1B is a data flow diagram
illustrating components of FIG. 1A used for training a set of
weights using a weight table. FIG. 1C is a data flow diagram
illustrating components of FIG. 1A used for training a
predictive model given a trained set of weights. FIG. 1D is
a data flow diagram illustrating components of FIG. 1A used
for applying a trained predictive model using a trained set of
weights to entity data.

A computer system 100 as shown in FIG. 1A includes data
storage 102 which can store data sets for entities. The
computer system uses such data sets to compute outcomes
using a trained predictive model, and/or as training sets to
train one or more predictive models or to train a set of
weights.

Such data can include, for example, health care informa-
tion for a plurality of patients. The health care information
for a patient can be obtained from a number of different
sources of health care information for the patient including
electronic medical records from the patient’s health care
providers, insurance providers and other sources. More
particularly, health care information can include, but is not
limited to, information recorded for patients by a health care
provider. Examples of health care providers include, but are
not limited to, individuals, such as a physician, a therapist,
anurse, or support staff, and organizations, such as a hospital
or other facility employing health care providers. Health
care information can include information from entities other
than health care providers but who are otherwise involved in
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health care, such as insurers, laboratories, supply providers
and the like, which may store information about claims,
diagnostic tests, laboratory work, suppliers and vendors.
Health care information can include information reported by
patients and/or their caregivers. Such health care informa-
tion generally includes demographic information and medi-
cal information.

The demographic information can include, for example,
age, gender, race, family history including medical history,
social history, and other information for the patient. If
personally identified information authorized and stored,
such information can include a name, an address and various
contact information.

The medical information can include, for example, infor-
mation about reported or observed symptoms of the patient,
diagnoses made and/or recorded by health care providers,
any medications, treatments and other interventions pre-
scribed or recommended by a health care provider, and/or
any requests for laboratory work or diagnostic tests, related
reports or results, and family medical history. Such data can
be stored as a history of interactions with the health care
provider and may have multiple instances of a type of data
over time, such as vital signs and lab results. Such data
typically includes information, typically representing symp-
toms, diagnoses, procedures and medications, which is
typically coded according to a standard, such as ICD-9,
ICD-10, CPT, SNOMED, LOINC, COSTAR, and RxNorm
coding systems. Family medical history also may be
included, as well as provider data, including statistics of
outcomes per provider.

Such health care information can be de-identified data
such that any personally identifying information is removed,
in which case the health care information for a patient is
associated with a unique code representing that patient,
which code distinguishes the patient from other patients.

Such health care information generally includes both
structured and unstructured data. Structured data generally is
data that has a specified data model or other organization,
whereas unstructured data generally does not. By way of
example, structured data can include database records, attri-
bute-value pairs, and the like, whereas unstructured data can
be either textual data, such as free text, documents, reports
of results, published and unpublished literature, and the like,
or non-textual data, such as image data of which DICOM
data is an example.

Health care information also can include cost information
related to resources for various activities related to providing
health care for a patient. Thus, for each activity performed
with respect to a patient, resource utilization information
also can be made available. Resources can include person-
nel, equipment, supplies, space, and the like. Resources
generally have an associated cost, typically represented by a
cost per unit, cost per unit of time, cost per unit of space, and
the like.

The data storage 102 can include a database that stores
data about entities. The database generally stores the data as
collections of data fields which store values, in a structured
or semi-structured manner, within sources, such as in tables
within a relational database, in objects within an object-
oriented database, in key-value pairs or columns in struc-
tured data files within a NoSQL or similar database, or in
streams or similar file system objects within a streaming
storage system or distributed file system, or in binary large
objects. An example distributed file system can be a distrib-
uted file system in the HADOOP framework, with large file
system objects and an implementation of a computational
paradigm called Map/Reduce to perform operations on such
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file system objects. The database typically also has a tech-
nology to query the stored data, such as the Structured Query
Language (SQL).

In some implementations, the data storage 102 can be
implemented using the a secure, cloud-based data warehous-
ing system which provides relational database support for
structured and semi-structured data. Such a system can
provide scalable data storage with support for SQL based
queries.

The database generally is stored on a computer, such as
described below in FIG. 4, that is configured to allow access
to the data storage by other computers through defined
transactions, typically over a computer network. The com-
puter also can be programmed to perform database opera-
tions on the database as part of such transactions. Such a
computer supporting the database is configured with suffi-
cient processors, memory and storage to support storage of
data in, and access to that data from, data storage 102.

The data storage 102 can include data from multiple
storage systems (not shown) for each of multiple entities.
While data from multiple entities can remain stored in their
respective storage systems, such data can be consolidated in
data storage 102. In some implementations, the data is not
consolidated, but remains in distributed entities that can be
logically combined for processing, but without consolidat-
ing the data into a single database system. Multiple storage
systems of multiple entities typically are distributed geo-
graphically, so such consolidation can occur by requests for
transmission of data over one or more computer networks
(not shown) to the data storage 102. Such requests can be
periodic, or irregular, or can be made when the data is to be
used by the computer system 100. Thus, data storage 102
can include any computer storage that can temporarily store
data for entities received from remote computers.

The computer system includes a predictive model 104,
which is generally implemented on one or more general-
purpose computers, such as described below in connection
with FIG. 4, using computer program code processed by a
processing system of the computer. When processing the
computer program code, the processing system implements
a predictive model that computes values indicative of an
outcome for entities based on data values for input features
derived from data for the entities. In health care, such
outcomes can include future resource utilization, risks of
future conditions occurring, risks of future events, classifi-
cations, diagnoses, imputed data, and the like. The predic-
tive model 104 processes data derived from entity data from
the data storage 102 to compute scores 106, which are values
indicative of an outcome. The computer system can be
programmed to train a predictive model 104 and/or apply a
trained predicted model 104 to entity data.

The computer system shown in FIG. 1 can be incorpo-
rated into a larger computer system, such as one described
in U.S. patent application Ser. No. 15/927,766, entitled
“Information System Providing Explanation of Models”,
filed Mar. 21, 2018, which is hereby incorporated by refer-
ence.

The predictive model 104 can be built using any of family
of algorithms described as supervised classification or
machine learning or econometrics algorithms or deep learn-
ing, which perform functions such as classification, predic-
tion, regression or clustering. With such algorithms, a com-
puter generates a model based on examples with known
(whether actually known or reliably estimated) outcomes
provided in a training set. Any supervised classification or
machine learning or deep learning model can be used as a
classifier, such as support vector machines, conditional
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random fields, random forest, logistic regression, decision
tree, maximum entropy, artificial neural networks, genetic
algorithms, or other classifier or predictive model, or com-
bination of such models, for which parameters of a function
can be trained by minimizing errors between values output
by the model for entities and known outcomes for those
entities, using a set of training examples. Such models
generally produce a score, which is a value indicative of an
outcome, and may also provide a probability or confidence
value. In some implementations, the score and probability or
confidence value are one and the same value.

The data storage 102 can include a server computer (not
shown) implemented using a general-purpose computer
such as described below in connection with FIG. 4 to control
access to data by other components of the computer system.
The data storage 102 also can be accessed through one or
more server computers over a computer network through an
application programming interface. A server computer can
be implemented using a general-purpose computer such as
described below in connection with FIG. 4. The general-
purpose computer is configured as a server computer, with
sufficient processors, memory, storage and communication
connections. In one example implementation, the server
computer can be configured to operate as a “Web” server, or
a server computer that implements a hypertext transfer
protocol (HTTP) or secure hypertext transfer protocol
(HTTPS), using a computer program such as the Apache
web server computer program or other similar web server
computer programs.

The computer system trains the predictive model 104
using a training process implemented within a predictive
model training module 108. This module generally is imple-
mented as computer program code processed by a process-
ing system of a computer system, such as shown in FIG. 4.
The computer program code implements the training process
through which model parameters 110 of the predictive
model 104 are repeatedly adjusted so that, given a set of
input data for entities with known outcomes, called a train-
ing set, the output scores 106 from the predictive model 104
substantially match the known outputs for that training set of
input data, within some range of acceptable error.

In this computer system, the predictive model 104 is
applied to data derived from a history of event data for an
entity, which can include types of events in combination
with relative times of events and/or entity profile character-
istics. The output of the predictive model 104 is a score 106,
which is designed to optimize prediction, estimation or
inference of an outcome. The score can be computed using
the history of event data for the entity. In turn, the score is
a value that is indicative of an outcome, and thus may be
understood as a prediction, estimate, or inference of the
outcome. This prediction, estimation, or inference of an
outcome typically is used in cases where the outcome for a
given entity is not directly computable based on the history
of events for the patient. For example, the outcome to be
inferred can be future resource utilization, based on cur-
rently available patient profile characteristics.

As noted above, the data storage 102 includes data for a
plurality of entities. The data can be comprised of data
records, where a data record includes data values for a
plurality of data fields in a database. Some data records
represent event data which are used to compute inputs to the
predictive model. A data record representing an event for an
entity includes data representing an occurrence of a type of
event at a point in time in a history of events for the entity.
Some data records may include other data for the patient,
such as demographic information and/or medical informa-
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tion. Some data in the data records may be used as entity
profile characteristics for specifying weights in a set of
weights. For some types of events, a relative time can be
computed with respect to a reference time. For example, in
patient data, an event may specify a type of event, such as
an admission to a hospital, a lab result, a surgery, etc., which
is associated with a date, or time, or both. Given a set of
types of events, the computer system can compute relative
times for events in an entity’s history of events. Computed
relative times can be stored in the data storage 102.

The relative times computed with respect to a reference
time generally are not constant and therefore may be
updated frequently. For example, the relative times can be
computed daily as a batch process applied to all entity data.
The frequency of update to the relative times can be selected
based on the precision of calculation of the relative times
and can be different for different types of events or different
outcomes to be predicted. Such relative times also can be
computed “on demand” at the time the information is needed
when analyzing the data for a selected entity. For example,
a health care provider may use the computer system to
access predictive data generated by the predictive model for
a selected patient at the time of the visit from the patient. As
another example, the reference time can be a point in the
past, and can vary from patient to patient, such as the time
of a surgery for a set of patients who have undergone this
surgery.

The tuple of a type of an event in combination with a
relative time of the event and/or an entity profile character-
istic, is assigned a weight. A weight may be associated with
a type of event, a type of event with a relative time, a type
of event with an entity profile characteristic, or a type of
event with both a relative time and an entity profile char-
acteristic. The weight is a measure of impact of the presence
of such an event in the patient profile or history on the
outcome for the entity. There can be multiple different
weights for a specific type of event based on different
relative times and/or different entity profile characteristics
considered. In other words, the weight for an event for a
given entity can be dependent on, or be a function of, one or
more relative times and/or entity profile characteristics in the
data record for that entity. For example, in health care data,
a weight can be assigned to a type of an event in combination
with other data such as: a relative time of the event with
respect to a reference time, age, gender, and/or location of
the patient, comorbidities and/or behavioral data. For
example, the weight assigned to an event that is a surgery
can be a function of that type of event, its relative time with
respect to a reference time, and presence of other features in
the patient medical data, such as patient demographic infor-
mation, such as age or gender, or other patient conditions,
such as diabetes, smoking, heart disease and obesity. Note
that this explanation of combinations of types of events and
additional entity profile characteristics is based on an
example of a patient. Such combinations can be created for
other entities, such as health care providers or other entities.

It should be noted that the relative time of an event with
respect to another point in time can impact the weight for a
particular outcome differently depending on the event. A
patient experiencing a myocardial infarction will be more at
risk if they were to undergo a surgery two weeks after such
an event than if they were to undergo that surgery two years
after the event. In contrast, certain events, such as the onset
of type Il diabetes may increase risk the longer the time
period is from onset to the reference time used in the
predictive model.
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For example, if the computer system is set up to infer the
future resource utilization in a period from May 1, 2018 to
Apr. 30 2019, the time of a certain procedure in relation to
the starting date May 1, 2018 makes a difference. For
example, if a total knee replacement occurs on Apr. 15,2018
the expected correlation of that procedure on the future
resource utilization is different from the expected correlation
of a total knee replacement that may have occurred on, e.g.,
Sep. 15, 2017.

As another example, the effect of an event on an outcome
usually varies by age of the patient. The effect of an event
on an outcome also can vary by comorbidities. For example,
the expected effect on an outcome of a heart surgery for a
type 2 diabetic may be different from the expected effect for
a patient without the type 2 diabetic condition.

As another example, the effect of an event on an outcome
also can vary by behavioral attributes such as smoking. For
example, the expected effect of a heart surgery for a smoker
may be different from the expected effect for a patient who
is not a smoker. The additional factors that may affect the
weight assigned to an event in an entity’s history can be
identified in several ways, such as expert opinion, data
analysis, medical literature and the like.

In some implementations, to provide such a capability the
computer system includes one or more sets of weights 120.
The set of weights can be implemented using any data
structure that can store in memory, for a plurality of types of
events, weights for tuples representing different combina-
tions of a type of event with at least one of a relative time
with respect to a reference time or an entity profile charac-
teristic. Thus, a weight may be associated with a type of
event, a type of event with a relative time, a type of event
with an entity profile characteristic, or a type of event with
both a relative time and an entity profile characteristic. A
suitable data structure allows the weight for a tuple to be
accessed readily using the data defining the tuple.

An example implementation of a set of weights is a
weight table. FIG. 2 shows an illustrative example of a
weight table 200 for illustration purposes. Each row, e.g.,
202, of the table provides a weight 250 for a tuple of a type
of event 210 in combination with at least one of a relative
time 212 for that event and/or other entity profile charac-
teristic. A plurality of weights 250 can be associated with
and stored for each tuple. In this illustrative example, the
other entity profile characteristics include age 214, smoking
status 216, and comorbidities of diabetes 218 and congestive
heart failure (CHF) 220. Thus, as shown in this illustrative
example, if a patient has the combination of an event code
of “CPT:8151” at a relative time of 3 months, and age
between 40 and 50, as a non-smoker, with diabetes and no
congestive heart failure condition, the weight of “100” as
assigned to the event “CPT:8151” for that patient.

The example weight table in FIG. 2 includes only a few
examples out of potentially millions of rows which cover all
combinations of types of events (e.g., diagnosis codes pro-
cedure codes, medication codes, lab diagnosis within a
certain range of interest, genetic information etc.) which can
be included in such a table. To manage combinatorial
expansion of this table, from the perspectives of both storage
and computation of relative time data and weights, for all
combinations of types of events, relative time data and any
entity profile characteristics, the computer system is limited
in the number of columns allowed in the table, and in the
number of rows added by the number of relative time values
that are used for a type of event. Another way to limit the
columns is by defining medical instances (described below)
as combinations of events and/or entity profile characteris-
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tics and providing a single row for data representing a
medical instance in lieu of multiple rows in the table. By
limiting the number of columns, the number of possible
combinations is limited, which in turn limits the number of
rows in the weight table. Similar restrictions can be applied
to other data structures implementing a set of weights.
Further, the computation can be performed using a “big
data” system as described in more detail below.

In some implementations, a method for representing the
events in a patient history is by aggregating event codes into
categories of event codes, herein called “medical instances”.
A “medical instance” (M]) is a collection of event codes that
enables weights to be assigned to the collection instead of
each individual event code. In some implementations, a
medical instance can be a single event code. In some
implementations, a medical instance can be a group of event
codes, which can be a combination of standardized codes
from different sets of standardized codes. An entire set of
individual event codes can be transformed into a smaller set
of groups of these event codes. Example approaches to
deriving medical instances are described below. In this
example implementation, medical instances are defined as
groups of event codes.

In this implementation, a medical instance comprises a set
of event codes which are related to each other in some way.
This results in few medical instances where each event code
within the medical is related to the other event codes within
the medical instance using the type of the event code.

Another kind of medical instance represents a relation of
co-occurrence. A medical instance can be a collection of
event codes which are present in patient medical histories
more frequently with each other than they are present with
other event codes which are used to define other medical
instances. There are various algorithms that can be used to
generate a set of medical instances by optimizing grouping
of codes with regards to co-occurrence.

In some implementations, a patient medical history can be
organized and represented as an ordered sequence of events,
in which events are ordered with respect to time at which
they occurred in the patient medical history. Such ordering
sometimes cannot be strict due to multiple codes having
identical timestamps. In that case, there can be secondary
ordering based on some other criteria (e.g., by type of code)
or simply random secondary ordering. Given a set of ordered
patient medical histories, the codes in the list of codes can
be mapped onto a Euclidean embedding space for which the
dimensions have been predetermined by the user. This
mapping can be optimized such that the more frequently two
codes are found in high proximity to each other in patient
histories, the closer their mapped embeddings reside in the
embeddings space. Such algorithms may come in various
forms.

After such embeddings have been produced, medical
instances can be produced by splitting the embeddings space
into sub-spaces each of which holds a cluster of embeddings.
Such splitting can be produced by using unsupervised learn-
ing methods from the fields of machine learning, statistical
learning, artificial intelligence, deep learning or combina-
tions thereof. Unsupervised learning is a collection of clus-
tering algorithms which optimally split up a Euclidean
embeddings space in subspaces by drawing a number of
hypersurfaces which serve as the boundaries of the various
subspaces. The number of resulting subspaces is either
pre-specified by the user or optimally selected by the clus-
tering algorithm, depending on the use case and/or the
algorithm. There is a large variety of clustering algorithms,
as discussed above. Examples include k-means, k-medians,
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expectation maximization clustering using Gaussian mixture
models, agglomerative hierarchical clustering, density-
based spatial clustering of applications with noise (DB-
SCAN), deep embedded clustering and many others. Each
one of these algorithms can be used to derive medical
instances as described above. In some implementations,
k-means clustering and vector-based word embeddings can
be used to generate medical instances.

Implementations which generate medical instances on the
basis of co-occurrence relations include algorithms derived
from approaches such as count-based methods (e.g., latent
semantic analysis), and predictive methods (e.g., neural
probabilistic language models). The methods of representa-
tion that use co-occurrence relations have the underlying
hypothesis that medical codes which appear in the same
patient medical histories relate to similar medical context or,
in other words, similar conditions.

Relations other than co-occurrence of medical events in
patient medical histories can be used to guide the automated
generation of medical instances that are groups of medical
codes or events. Different algorithms from artificial intelli-
gence, machine learning, deep learning and others may be
used to generate medical instances based on such relations.

Medical instances also can be generated by human experts
fully or partly. In that case, the medical experts use criteria
that guide them to group event codes into medical instances.
For example, the criterion may be to ensure that event codes
which relate to the same condition are in the same group. A
variety of criteria may guide human experts in their genera-
tion of medical instances. In some cases, a hierarchy of code
definitions may serve this purpose.

There are cases where medical instances are generated
using a combination of algorithms and human expertise.
Human experts can adjust or alter medical instances gener-
ated by the computer or can pre-process the data that is used
by automated algorithms to generate the medical instances.

In some implementations, the set of generated medical
instances may be algorithmically altered and fine-tuned, for
example by using algorithms that judiciously rearrange the
event codes of specific medical instances, or by merging
some medical instances into larger medical instances, or by
dividing some medical instances to smaller medical
instances in order to satisfy size or coherence criteria.

Multiple different sets of weights can be constructed for
different types of outcomes to be predicted. For analyzing
health care data and predicting health care outcomes, sepa-
rate sets of weights can be created, for example, for: future
resource utilization (e.g., total medical costs) of a patient
over one year starting at a certain day in the present or
future; future mortality within a period over one year
starting at a certain day in the present or future; future cost
(e.g., within a period over two years starting at a certain day
in the present or future) of inpatient hospitalizations; future
probability of emergency room visits; concurrent estimation
(e.g., within a period over two years starting at a certain day
in the past) of total medical cost of a patient given their
medical history over a concurrent period of time. In some
instances, the predicted outcomes are not in the future but
may be predicted current outcomes or other information for
the patient, which are imputed to the entity.

A set of weights can be computed in several ways. In the
example implementation shown in FIGS. 1A and 1B, a
weight table training module 122 is provided to generate one
or more sets of weights 120. The weight training module 122
receives a training set 124 of data from the data storage 102.
The training set includes data records for entities for which
their data records include events and known outcomes.
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The weight table training module is implemented as
computer program code processed by a processing system of
a computer system, such as a general-purpose computer
such as in FIG. 4. The computer program code, when
processed by the processing system, configures the com-
puter system to implement the process described below, and
to allocate memory and storage for data structures that store
data used and generated by the process. Generally, a weight
table training module selects events from the training set
used for weight training. For a selected event for an entity,
a relative time for the event with respect to a reference time
is computed, and an outcome for the entity related to the
reference time is computed based on the known outcome for
the entity. For a tuple representing a combination of a type
of event, a relative time, or an entity profile characteristic, a
weight for the tuple is computed based on the computed
outcomes related to the selected events corresponding to the
tuple. The weight also can be based on data indicative of a
number of entities having the selected events corresponding
to the tuple and/or a number of times the selected events
appear in the histories for these entities.

An example implementation of the weight table training
module will now be described, where the set of weights is
implemented as a weight table. A weight calculation table,
similar to the weight table to be created, is initialized with
columns for each of the type of event, a relative time for the
event and each entity profile characteristic. The weight
calculation table, instead of including a column for a weight,
includes two columns: an outcome column in which known
outcomes from entities in the training set are aggregated, and
a number of occurrences column, each of which are initial-
ized to zero (0) for all rows.

For each entity (in this example, each patient) in the data
set, the computer system extracts a set of events for the
patients. This set of events can have appropriately specified
date bounds (e.g., Jan. 1, 2013-Dec. 31, 2015). The speci-
fication of types of events, comorbidities and other entity
profile characteristics, and date bounds can be established in
many ways, such as a configuration file or as user input
received interactively through a user interface. In this
example, for events in the extracted set of events for a
patient, the following are computed: the age of the patient at
the time of that event, whether the patient has any of the
specified entity profile characteristics, such as comorbidities
established at the time of the event or behavioral (such as
smoking) statuses at the time of the event. This step allows
a determination of which row of the weight table will be
affected by the training data from this patient.

Next, given an event for a patient, for different relative
times, e.g., 1 month, 2 months, 12 days, 41 days, etc., for the
event, the training module computes a value indicative of the
outcome of that patient corresponding to a time which is
equal to the sum of the time of the event and the relative
time. As an illustrative example, given a patient with an
event of a myocardial infarction (MI) on in January 2017,
and a relative time of one month (thus, February 2017), and
an outcome representing costs of care for the coming year,
the training module computes, from the known outcome
data for the patient, the cost of care for that patient for the
period of February 2017 through February 2018. Then, the
training module also updates the value of the outcome
column of the corresponding row of the weight calculation
table based on the computed value for the outcome for that
entity for that relative time. The computer also increments
the number of occurrences column for that row by 1. This
step introduces a way to address the dependence of the
weights on relative time.
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In some implementations, the training set can be pro-
cessed to create the weight calculation table by adding rows
to the weight calculation table as unique combinations of
events, relative times, and entity profile characteristics are
encountered in the training set.

After processing the events for the patients in the training
set 124, for each row in the weight calculation table, a
weight is derived. The weight may be derived using any of
a variety of functions, but generally as a function of the
aggregated outcomes in the outcome column. The function
can include data indicative on a number of entities and/or a
number of events corresponding to the row of the weight
calculation table. In some implementations, the function can
be linear. In some implementations, the function can include
an average, such as computing the weight by dividing the
aggregated outcomes from the outcome column by the
number of occurrences. As an example, the number of
occurrences can represent a number of entities or a number
of events. In some implementations, the function can be
non-linear, such as a limiting function, such as a maximum
or a minimum. The training module 122 stores the computed
weight as the weight 250 in the weight table 200 in a
corresponding row.

Turning back to FIG. 1A, the score 106 output by the
predictive model 104 is designed to combine the estimated
effect of each event in a patient history on the outcome that
the score is intended to predict. The combination of these
effects can occur in multiple ways using the set of weights
120 and sets of events extracted from a patient history.

In the following example implementation, the sets of
events are categorized in multiple categories. For example:
procedures, diagnoses, primary diagnoses, chronic condi-
tions, one-time events, medications including dosage, lab
results, imaging results, etc. For each patient, the computer
system constructs, as the set of events, a plurality of time-
lines 140 of events based on such categorization. Examples
of kinds of timelines that can be constructed include but are
not limited to: a history of all events; a history of all events
occurring during inpatient hospitalizations; a history of all
diagnoses; a history of all principal procedures; a history of
all medications; a history of all lab results; a history of all
imaging results; and so on. A timeline of events 140 is thus
a set of events from the patient history for a selected one or
more categories or types of events. In some timelines, all of
the events of a selected type may be used. In some timelines,
a selection of events may be used. For example, for a
medication that is taken over a long time, or for a diagnosis
of a chronic condition, a timeline may be generated for all
events, and another timeline may be generated that includes
only a first event, or a change between events, or other form
of selection of the events.

A timeline generator module 142 can be implemented as
computer program code processed by a processing system of
a computer system, such as a general-purpose computer as
shown in FIG. 4. The timeline generator module creates data
structures in memory representing timelines 140.

For each timeline of a patient, the computer system
computes a corresponding function of the weights of the
events included in each timeline 140 for the patient to
provide quantities 150. One example function is a weighted
sum. Another example function is a maximum among all the
weights of the timeline. A quantity 150 is a result of an
operation that involves one of the set of weights 120 and one
timeline 140. Although FIGS. 1A, 1C, and 1D show N
timelines and N quantities, there can be multiple quantities
150 computed for each timeline 140.
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As noted above, there can be one or more sets of weights.
In general, a set of weights is generated for each type of
outcome to be predicted, estimated or inferred by the pre-
dictive model. For example, there can be a set of weights for
predicting future utilization, mortality and re-admission. A
different set of weights is used for each different outcome to
be processed. In some implementations, multiple sets of
weights can be used and applied to generate inputs to the
predictive model.

Thus, as an example, the set of weights 120 for future
resource utilization and a timeline 140 for all events for the
patient can be used to generate one quantity 150 for the
patient. The set of weights 120 for future medication cost
and a timeline 140 of medication events and/or procedure
events can be used to generate another quantity 150 for the
patient.

To compute the quantity 150 for a patient’s timeline using
the specific set of weights for that type of timeline, the
following steps are performed. For each event in that type of
timeline of the patient, the relative time of the event and any
entity profile characteristics, such as age, comorbidity(ies),
and behaviors of the patient, are computed or retrieved from
the data for the patient. The computation of the relative time
can be based on a selected input time 154. Such computation
may occur on demand or may have been performed in a
periodic batch job. This set of data for that event is used to
lookup a weight for that event from the specified set(s) of
weights. A calculator module 152 can be implemented as
computer program code processed by the processing system
of'a computer, such as in FIG. 4, to perform this computation
of the relative times and quantities 150 from the input
timeline data 140 and the set of weights 120.

As a result of applying this process to a given patient, or
a set of patients, each patient is now characterized by the
plurality of quantities 150 as generated for the plurality of
timeline types. This computation can be performed for data
records for one or more selected patients from the data
storage 102 for whom a trained predictive model will be
applied, as indicated at 130 (See FIGS. 1A and 1D), or for
a training set 132 of data that is used to train the predictive
model 104 (See FIGS. 1A and 1C). The quantities 150
computed for the timelines for a given entity are the input to
a predictive model, which outputs a value indicative of an
outcome for that entity, whether applying a trained predic-
tive model (FIG. 1D), or during training of the predictive
model (FIG. 1C). The predictive model also can receive, as
input features, any other patient data, whether from a
training set (136) or other entity data (130), such as demo-
graphic data or medical data.

In the training processes described above, the set of
weights 120 and the predictive model 104 are trained using
data sets for entities for which the outcome is known, where
the output of the predictive model otherwise would predict,
estimate, or infer the outcome. The training set 132 for
training the predictive model and training set 124 for train-
ing the set of weights can be different sets of data records to
reduce the risk of overfitting the predictive model. The
training sets 124 and 132 can be stored in the data storage
102 or may be received by the computer system from
another source.

During training of the predictive model, the data from
training set 132 which is relevant to computing timelines, as
indicated at 134, is processed by the timeline generation
module. The data from those data records that includes the
known outcomes as well as any other entity data used as
input features for the predictive model, such as demographic
and medical data, as indicated at 136, for the purposes of
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training the predictive model, are paired up with the quan-
tities 150 generated for those records to create the training
set 160 used by the predictive model training module 108 to
train the predictive model 104.

The quantities 150 for the plurality of timelines 140 which
are computed for an entity form a set of predictive features
that are inputs to a predictive model. The predictive model
outputs a score based on the combined set of predictive
features, from which an outcome, present or future, can be
inferred. The predictive model can be any time of model,
such as a machine learning, deep learning or Bayesian
module, or other predictive modeling algorithm. The pre-
dictive model can be linear or non-linear. As further
examples, the predictive model can be a classifier, a regres-
sor, a clusterer or other algorithm that can be used to
estimate outcomes in the future or outcomes in the present
which are not directly measurable from the data in the data
storage 102. Classifiers or clusterers are used to predict an
outcome with a set of discrete outcomes, whereas regressors
are used to predict a continuous outcome. The quantities 150
for a plurality of event timelines 140 can be computed for a
patient, or for a set of patients, on a periodic basis, e.g.,
monthly. This data can be used to create predictive models
using time-series algorithms including deep neural network
methods such as recurrent neural networks.

As noted above, the predictive model produces a score
106. In some implementations, the score can be a continuous
predicted/estimated output of a regressor. In some imple-
mentations the score can be a probability of a certain class
of a classifier. In some implementations, the score can
represent a value from a set of discrete values. In some
implementations, the score can represent a value from a
range of continuous values. The score can be in a variety of
forms depending on the nature of the predictive model.
Example ways in which a score can be presented include,
but are not limited to, a rank, a percentile, a category,
presence in a range, a cost, a risk, or an amount, or other
value depending on the outcome to be represented using the
score.

The score can be mapped onto a specific scale, for
example a 1-1000 scale. Making the score available to end
users in such a scale enjoys the benefit of an easy mental
map between score and risk which can help produce material
to guide end users on using the score. For example, literature
may specify to the end-user levels of severity associated
with score ranges. For example: Scores from 800-1000 are
the highest expected future cost patients with a specified
average expected future cost. Furthermore, a scale such as
1-1000 makes it easier for end users to form their own
mental patterns associating the score with quick understand-
ing of the patient risk level, after the end user has used the
score for a period of time. The standardized scale (e.g.,
1-1000) also allows easy benchmarking which in turn allows
even faster and better end-user familiarity with score values
and corresponding risk of a patient. This results in enhanced
usability. Using a standardized scale also allows entities to
be ranked and/or categorized using the score. Also, when
there are two different outcomes which are correlated, the
predictive model can generate a value indicative of a first
outcome for an entity, and then the computer system can
report a value indicative of the second outcome for the entity
based on the value indicative of the first outcome for the
entity. For example, a ranking or categorization using scores
for one outcome can be used to map entities to correspond-
ing rankings or categorizations for another, correlated out-
come. As another example, the computer system can include
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a mapping of scores from a range of continuous values for
the first outcome to scores indicative of the second outcome.

FIG. 3 is a graphical representation of an illustrative
example of a relationship between scores produced by the
predictive model 104 and how they correlated to actual
outcomes, which in this is example actual costs. In this
example the score has been mapped to a scale of 1-1000. In
this graphical representation, the x-axis represents scores
output by the predictive model; the y-axis represents actual
resource utilization occurred at a future time. In some
implementations, the score output by the predictive model
can be presented graphically by a position along a graphical
element representing a range of possible values. The score
output by the predictive model also can be illustrated with
respect to a baseline or previous score to allow comparisons.

The scores output by a predictive model can represent an
evaluation of outcome risks. The risk is driven by patient
event history(condition, procedure, medications, lab results,
etc.). To provide transparency into the underlying patient
events that contribute the most to the patient outcome risk,
the system can include a data structure with data represent-
ing a mapping of features input to the predictive model to
other features in the data set that help to explain the output
of the model, in terms of what data in the patient event
history had an impact on the outcome of the model. This data
structure can identify the data that correspond to actionable
or medically modifiable factors, which includes a set of
factors that can be acted upon by the user of the predictive
model. These factors can be a subset of the factors that
explain the output of the predictive model. This analysis is
personalized to a particular patient. As described in U.S.
patent application Ser. No. 15/927,766, entitled “Informa-
tion System Providing Explanation of Models™, filed Mar.
21, 2018, incorporated by reference, the computer system
builds a “personalized” model with respect to the selected
entity, based on a trained predictive model, by using data
values for the selected entity to fix certain inputs to the
predictive model. The computer system inputs one or more
different data values for selected input features of the
personalized model, while data values for the remaining
input features of the personalized model are fixed to data
values for the selected entity.

The foregoing description is an example implementation
of' a computer system implementing a health care informa-
tion system. The various computers used in this computer
system can be implemented using one or more general-
purpose computers, such as client computers, server com-
puters and database computers, which can be programmed
to implement the functionality such as described in the
example implementation.

As noted above, in an example implementation such
processing can be performed by a big data processing
system, which processes in pipeline fashion, input medical
histories of the patients of interest, in the form of data
representing diagnoses, procedures and medications. These
inputs can be any collection of data fields storing values for
data. The pipeline computes the corresponding function of
weights and timelines for each patient, distributing these
calculations among a cluster of server computers imple-
menting a scalable data processing engine, such as the
Apache SPARK engine. This data processing engine facili-
tates the processing of medical histories in a batch (for
example, an overnight run for that day’s patients) or as a
stream (for example, updating a patient’s record in real time
after a change in their medical history). The computer
system converts the data into one or more timelines for each
patient, applies a function to the weights and timelines to
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generate the quantities to input to the predictive model, and
then applies the predictive model to the quantities to provide
the output scores for each patient. These scores can be saved,
for example to storage as a partitioned data file, to facilitate
insertion of the outcomes scores into the corresponding
database in the data storage 102.

Given the output of the predictive model 104 for a given
patient, and with such outputs for multiple patients stored as
part of the patient data in data storage 102, the computer
system can provide, to health care providers, information
about these predicted outcomes in the form of communica-
tions and reports which identify patients who are at risk and
which provide information explaining that risk, such as risk
factors.

An example graphical user interface for an application on
a mobile device is shown in FIG. 5. This application can be
implemented as computer program code processed by a
processing system of a mobile device, the mobile device
being a kind of computer as shown in FIG. 4. The mobile
device has authorized, secure access to the computer system
100, which generally allows access by a provider who has
logged into the computer system 100 and has been authen-
ticated and verified. A health care provider typically has a
name, which can be shown in the interface (e.g., at “[Pro-
vider Name]” 500), and typically is associated with a health
care facility, which can be shown in the interface (e.g., at
“[Location]|” 540). Patients generally are associated with a
health care provider and/or a health care facility. The com-
puter system identifies those patients associated with a
provider and identifies those patients for that provider who
have an elevated risk based on the predicted outcomes from
the model 104. Information about these patients can be
formatted into a report, and information summarizing these
patients can be sent to the provider on a mobile device. For
example, a provider may receive a notification that a number
of patients is at high risk, as indicated at 510. The number
of patients also can be limited to those patients with a
specified condition, and an indication of this condition also
can be included as part of the notification. The application on
the mobile device may provide a way for the provider to
initiate access to a more detailed report for these patients, as
indicted by the button 520. In response to the provide
manipulating the button 520, the application sends a request
to the computer system to access the more detailed report.

FIG. 6 is an illustrative example of a graphical user
interface that provides a more detailed report for one or more
patients. This interface provides a row for each patient, and
several columns of information. In this example, the col-
umns include a patient identifier 600, a date 602 of a relevant
procedure or other event, a date 604 an alert was generated
by the system, an optional representation of a score 606
based on the output by the predictive model 104, and
indications 608 of any risk factors this patient has. In this
example, the score is shown as a linear meter for a value in
the range of 1-1000. The score can be in any of a variety of
ranges, and any graphical illustration, such as a meter or
dial, can reflect the range of the score and where the patient’s
score falls on that range. The score may be presented merely
as a number, or other alphanumeric value on a known scale,
without a graphical representation of the range for the score.

FIG. 4 is a block diagram of a general-purpose computer
which processes computer program code using a processing
system. Computer programs on a general-purpose computer
generally include an operating system and applications. The
operating system is a computer program running on the
computer that manages access to various resources of the
computer by the applications and the operating system. The
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various resources generally include memory, storage, com-
munication interfaces, input devices and output devices.

Examples of such general-purpose computers include, but
are not limited to, larger computer systems such as server
computers, database computers, desktop computers, laptop
and notebook computers, as well as mobile or handheld
computing devices, such as a tablet computer, hand held
computer, smart phone, media player, personal data assis-
tant, audio and/or video recorder, or wearable computing
device.

With reference to FIG. 4, an example computer 400
comprises a processing system including at least one pro-
cessing unit 402 and a memory 404. The computer can have
multiple processing units 402 and multiple devices imple-
menting the memory 404. A processing unit 402 can include
one or more processing cores (not shown) that operate
independently of each other. Additional co-processing units,
such as graphics processing unit 420, also can be present in
the computer. The memory 404 may include volatile devices
(such as dynamic random access memory (DRAM) or other
random access memory device), and non-volatile devices
(such as a read-only memory, flash memory, and the like) or
some combination of the two, and optionally including any
memory available in a processing device. Other memory
such as dedicated memory or registers also can reside in a
processing unit. This configuration of memory is illustrated
in FIG. 4 by dashed line 404. The computer 400 may include
additional storage (removable and/or non-removable)
including, but not limited to, magnetically-recorded or opti-
cally-recorded disks or tape. Such additional storage is
illustrated in FIG. 4 by removable storage 408 and non-
removable storage 410. The various components in FIG. 4
are generally interconnected by an interconnection mecha-
nism, such as one or more buses 430.

A computer storage medium is any medium in which data
can be stored in and retrieved from addressable physical
storage locations by the computer. Computer storage media
includes volatile and nonvolatile memory devices, and
removable and non-removable storage devices. Memory
404, removable storage 408 and non-removable storage 410
are all examples of computer storage media. Some examples
of computer storage media are RAM, ROM, EEPROM,
flash memory or other memory technology, CD-ROM, digi-
tal versatile disks (DVD) or other optically or magneto-
optically recorded storage device, magnetic cassettes, mag-
netic tape, magnetic disk storage or other magnetic storage
devices. Computer storage media and communication media
are mutually exclusive categories of media.

The computer 400 may also include communications
connection(s) 412 that allow the computer to communicate
with other devices over a communication medium. Com-
munication media typically transmit computer program
code, data structures, program modules or other data over a
wired or wireless substance by propagating a modulated data
signal such as a carrier wave or other transport mechanism
over the substance. The term “modulated data signal” means
a signal that has one or more of its characteristics set or
changed in such a manner as to encode information in the
signal, thereby changing the configuration or state of the
receiving device of the signal. By way of example, and not
limitation, communication media includes wired media such
as a wired network or direct-wired connection, and wireless
media include any non-wired communication media that
allows propagation of signals, such as acoustic, electromag-
netic, electrical, optical, infrared, radio frequency and other
signals. Communications connections 412 are devices, such
as a network interface or radio transmitter, that interface
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with the communication media to transmit data over and
receive data from signals propagated through communica-
tion media.

The communications connections can include one or more
radio transmitters for telephonic communications over cel-
Iular telephone networks, and/or a wireless communication
interface for wireless connection to a computer network. For
example, a cellular connection, a Wi-Fi connection, a Blu-
etooth connection, and other connections may be present in
the computer. Such connections support communication
with other devices, such as to support voice or data com-
munications.

The computer 400 may have various input device(s) 414
such as a various pointer (whether single pointer or multi-
pointer) devices, such as a mouse, tablet and pen, touchpad
and other touch-based input devices, stylus, image input
devices, such as still and motion cameras, audio input
devices, such as a microphone. The compute may have
various output device(s) 416 such as a display, speakers,
printers, and so on, also may be included. All of these
devices are well known in the art and need not be discussed
at length here.

The various storage 410, communication connections
412, output devices 416 and input devices 414 can be
integrated within a housing of the computer, or can be
connected through various input/output interface devices on
the computer, in which case the reference numbers 410, 412,
414 and 416 can indicate either the interface for connection
to a device or the device itself as the case may be.

An operating system of the computer typically includes
computer programs, commonly called drivers, which man-
age access to the various storage 410, communication con-
nections 412, output devices 416 and input devices 414.
Such access generally includes managing inputs from and
outputs to these devices. In the case of communication
connections, the operating system also may include one or
more computer programs for implementing communication
protocols used to communicate information between com-
puters and devices through the communication connections
412.

Any of the foregoing aspects may be embodied as a
computer system, as any individual component of such a
computer system, as a process performed by such a com-
puter system or any individual component of such a com-
puter system, or as an article of manufacture including
computer storage in which computer program code is stored
and which, when processed by the processing system(s) of
one or more computers, configures the processing system(s)
of the one or more computers to provide such a computer
system or individual component of such a computer system.

Each component (which also may be called a “module” or
“engine” or the like), of a computer system such as
described herein, and which operates on one or more com-
puters, can be implemented as computer program code
processed by the processing system(s) of one or more
computers. Computer program code includes computer-
executable instructions and/or computer-interpreted instruc-
tions, such as program modules, which instructions are
processed by a processing system of a computer. Generally,
such instructions define routines, programs, objects, com-
ponents, data structures, and so on, that, when processed by
a processing system, instruct the processing system to per-
form operations on data or configure the processor or
computer to implement various components or data struc-
tures in computer storage. A data structure is defined in a
computer program and specifies how data is organized in
computer storage, such as in a memory device or a storage
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device, so that the data can accessed, manipulated and stored
by a processing system of a computer.

It should be understood that the subject matter defined in
the appended claims is not necessarily limited to the specific
implementations described above. The specific implemen-
tations described above are disclosed as examples only.
What is claimed is:

The invention claimed is:

1. A computer system, comprising:

a processing system comprising a processing device and

computer storage,
a predictive model comprising computer program code
processed by the processing system and having an input
that receives data values for input features derived from
event data from a patient medical history for an entity
and an output that provides data representing a result
from the predictive model processing the received data
values for the input features, wherein the result is a
value indicative of a predicted outcome for the entity
relative to an input reference time;
a timeline generation module comprising computer pro-
gram code processed by the processing system and
having an input to receive event data from a patient
medical history for an entity, and an output that pro-
vides a plurality of timelines for the entity, each time-
line comprising data representing a respective set of
events from the received event data within a respective
category of events from among a plurality of categories
of events in patient medical histories;
a respective set of weights stored in the computer storage
for each category of the plurality of categories of events
in patient medical histories and wherein each respective
set of weights for each category comprises a respective
distinct weight for each tuple in a plurality of tuples,
each tuple representing a respective distinct combina-
tion of at least a type of event, a respective relative time
of the event with respect to a reference time, and one
or more entity profile characteristics for an entity,
wherein categories of events include at least one of a
medical diagnosis, a medical procedure, a medical
treatment, a medical laboratory result, or a medication
prescribed or purchased or administered for a patient
and wherein types of events correspond to one or more
event codes or one or more medical instances;
a calculation module comprising computer program code
processed by the processing system and having a first
input that receives the plurality of timelines provided
by the timeline generation module for the entity and a
second input that receives the input reference time, the
calculation module:
for each timeline, accessing, from the set of weights in
the computer storage, a respective weight for each
event in the timeline based on the type of the event,
the respective relative time of the event with respect
to the input reference time and one or more entity
profile characteristics of the entity,

for each timeline, computing a respective additional
feature for the entity as a respective function of the
retrieved respective weights for each event in the
timeline; and

wherein the predictive model receives, as the input fea-
tures, at least the data values derived from the event
data from the patient medical history for the entity and
the respective additional features computed for the
timelines for the entity computed by the calculation
module, and wherein the predictive model computes
the predicted outcome for the entity relative to the input
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reference time based on both the data values for the
input features derived from the event data from the
patient medical history for the entity and the additional
features computed for the timelines for the entity.

2. The computer system of claim 1, wherein the input
reference time is a current time.

3. The computer system of claim 1, wherein the input
reference time is a time associated with an event.

4. The computer system of claim 1, wherein the input
reference time is a time for which the outcome of the
predicted model is computed.

5. The computer system of claim 1, wherein the respective
function for a timeline among the plurality of timelines is
different from the respective function for at least one other
timeline among the plurality of timelines.

6. The computer system of claim 1, wherein the function
is a linear function.

7. The computer system of claim 1, wherein the function
is a non-linear function.

8. The computer system of claim 1, wherein each unique
tuple in the set of weights has a single weight.

9. The computer system of claim 1, wherein at least one
tuple in the set of weights has a plurality of weights, and the
calculation module selects from among the plurality of
weights.

10. The computer system of claim 1, wherein the entity
comprises a patient, and the entity profile characteristic
comprises at least one of age, a comorbidity, a behavior, a
characteristic from a family history, or genetic profile attri-
bute of the patient.

11. The computer system of claim 1, wherein the set of
weights comprises a plurality of weight tables, including a
first weight table for a first outcome and a second weight
table for a second outcome different from the first outcome,
wherein a first predictive model generates values indicative
of the first outcome using the first weight table, and a second
predictive model generates values indicative of the second
outcome using the second weight table.

12. The computer system of claim 1, wherein the set of
weights comprises a weight table corresponding to a first
outcome, and wherein the predictive model outputs a value
indicative of a second outcome different from the first
outcome.

13. The computer system of claim 12, wherein the second
outcome is correlated with the first outcome.

14. The computer system of claim 1, wherein the set of
weights comprises a plurality of weight tables, wherein the
calculation module accesses the plurality of weight tables to
compute the results provided as inputs to the predictive
model.

15. The computer system of claim 1, wherein the predic-
tive model generates a value indicative of a first outcome for
an entity, wherein the first outcome is correlated to a second
outcome, and the computer system reports a value indicative
of the second outcome for the entity based on the value
indicative of the first outcome for the entity.
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16. The computer system of claim 1, wherein a plurality
of types of events are grouped together as a medical
instance, and wherein at least one weight in the set of
weights is associated with the medical instance.

17. The computer system of claim 1, wherein the set of
weights comprises a plurality of different weights for a type
of'event for different combinations of that type of event with
different relative times.

18. The computer system of claim 1, wherein for a first
tuple having a first weight for a first combination of a first
type of event and a first relative time, and a second tuple
having a second weight for a second combination of the first
type of event and a second relative time longer than the first
relative time, the first weight is less than the second weight.

19. The computer system of claim 18, wherein for a third
tuple having a third weight for a third combination of a
second type of event and a third relative time, and a fourth
tuple having a fourth weight for a fourth combination of the
second type of event and a fourth relative time longer than
the third relative time, the third weight is greater than the
fourth weight.

20. The computer system of claim 1, wherein the result
output for an entity by the predictive model is a value
indicative of a probability the entity has the outcome.

21. The computer system of claim 1, wherein the result
output for an entity by the predictive model is a value from
a set of discrete values.

22. The computer system of claim 21, wherein the discrete
range of values comprises a finite set of integers comprising
at least 1 to 1000.

23. The computer system of claim 1, wherein the result
output for an entity by the predictive model is a value from
a range of continuous values.

24. The computer system of claim 1, wherein the result
output for an entity by the predictive model is a value from
a scale that ranks or categorizes entities with respect to the
outcome.

25. The computer system of claim 24, wherein the scale
comprises a finite set of integers comprising at least 1 to
1000.

26. The computer system of claim 1, wherein the result
output for an entity by the predictive model is a value
indicative of a probability the entity has the outcome.

27. The computer system of claim 1, wherein the result
output for an entity by the predictive model is a value
indicative of an estimation of risk that the entity has the
outcome.

28. The computer system of claim 1, wherein the plurality
of categories of events include at least two of procedures
codes, medication codes, or diagnosis codes.

29. The computer system of claim 1, wherein the relative
time for events in the set of weights is computed in units of
months.



