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(57) ABSTRACT

Disclosed are embodiments of methods and systems for
predicting a health condition of a first human subject. The
method comprises extracting a historical data including
physiological parameters of one or more second human
subjects. A latent variable is determined based on an inverse
cumulative distribution of a transformed historical data,
determined by ranking of the historical data. Further, one or
more parameters of a first distribution, deterministic of
health conditions in the historical data, are determined based
on the latent variable. For each physiological parameter, a
random variable is sampled from a second distribution of the
physiological parameter based on the one or more param-
eters. Further, based on the random variable, the latent
variable is updated. Thereafter, the one or more parameters
are re-estimated based on the updated latent variable. Based
on the first distribution a classifier is trained to predict the
health condition of the first human subject.
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METHODS AND SYSTEMS FOR
PREDICTING A HEALTH CONDITION OF A
HUMAN SUBJECT

TECHNICAL FIELD

[0001] The presently disclosed embodiments are related,
in general, to healthcare. More particularly, the presently
disclosed embodiments are related to methods and systems
for predicting a health condition of a human subject.

BACKGROUND

[0002] Various industries, including the healthcare indus-
try, may maintain records of the various stakeholders
involved with the industry. For example, the healthcare
industry may maintain various records of human subjects/
patients such as, but not limited to, medical diagnosis
records, medical insurance records, hospital data, etc. There-
after, one or more mathematical models may be used to
identify trends and categorize the records into various cat-
egories such as health conditions of human subjects/patients,
health insurance fraud risks, and so on.

[0003] Usually, the records include data in various data
types such as numerical data type (e.g., BP measure, heart
rate, and blood sugar measure) and categorical data type
(e.g., gender). Further, the mathematical models used to
analyse the records may only consider the data of numerical
data type in the medical records, to identify the trends across
the medical records.

SUMMARY

[0004] According to embodiments illustrated herein there
is provided a method for predicting a health condition of a
first human subject. The method comprises extracting, by
one or more processors, a historical data comprising a
measure of one or more physiological parameters associated
with each of one or more second human subjects. Thereafter,
a latent variable is determined based on an inverse cumu-
lative distribution of a transformed historical data. The
transformed historical data is determined by ranking of the
historical data. Further, one or more parameters of a first
distribution, which is deterministic of one or more health
conditions in the historical data, are determined based on the
latent variable. For each physiological parameter from the
one or more physiological parameters, a random variable is
sampled from a second distribution of the physiological
parameter based on the one or more parameters. Further, for
each physiological parameter, the latent variable is updated
based on the random variable. Thereafter, the one or more
parameters are re-estimated based on the updated latent
variable. Further, a classifier is trained based on the first
distribution. The one or more processors receive a measure
of the one or more physiological parameters associated with
the first human subject. Thereafter, the health condition of
the first human subject is predicted by utilizing the classifier
based on the received measure of the one or more physi-
ological parameters associated with the first human subject.
[0005] According to embodiment illustrated herein there
is provided a system for a health condition of a first human
subject. The system comprising one or more processors
configured to extract a historical data comprising a measure
of one or more physiological parameters associated with
each of one or more second human subjects. Thereafter, a
latent variable is determined based on an inverse cumulative

Oct. 20, 2016

distribution of a transformed historical data. The trans-
formed historical data is determined by ranking of the
historical data. Further, one or more parameters of a first
distribution, which is deterministic of one or more health
conditions in the historical data, are determined based on the
latent variable. For each physiological parameter from the
one or more physiological parameters, a random variable is
sampled from a second distribution of the physiological
parameter based on the one or more parameters. Further, for
each physiological parameter, the latent variable is updated
based on the random variable. Thereafter, the one or more
parameters are re-estimated based on the updated latent
variable. Further, a classifier is trained based on the first
distribution. The one or more processors are further config-
ured to receive a measure of the one or more physiological
parameters associated with the first human subject. There-
after, the health condition of the first human subject is
predicted by utilizing the classifier based on the received
measure of the one or more physiological parameters asso-
ciated with the first human subject.

[0006] According to embodiment illustrated herein there
is provided a computer program product for use with a
computing device. The computer program product compris-
ing a non-transitory computer readable medium. The non-
transitory computer readable medium stores a computer
program code for predicting a health condition of a first
human subject. The computer program code is executable by
one or more processors in the computing device to extract a
historical data comprising a measure of one or more physi-
ological parameters associated with each of one or more
second human subjects. Thereafter, a latent variable is
determined based on an inverse cumulative distribution of a
transformed historical data. The transformed historical data
is determined by ranking of the historical data. Further, one
or more parameters of a first distribution, which is deter-
ministic of one or more health conditions in the historical
data, are determined based on the latent variable. For each
physiological parameter from the one or more physiological
parameters, a random variable is sampled from a second
distribution of the physiological parameter based on the one
or more parameters. Further, for each physiological param-
eter, the latent variable is updated based on the random
variable. Thereafter, the one or more parameters are re-
estimated based on the updated latent variable. Further, a
classifier is trained based on the first distribution. The
computer program code is further executable by the one or
more processors to receive a measure of the one or more
physiological parameters associated with the first human
subject. Thereafter, the health condition of the first human
subject is predicted by utilizing the classifier based on the
received measure of the one or more physiological param-
eters associated with the first human subject.

BRIEF DESCRIPTION OF DRAWINGS

[0007] The accompanying drawings illustrate various
embodiments of systems, methods, and other aspects of the
disclosure. Any person having ordinary skill in the art will
appreciate that the illustrated element boundaries (e.g.,
boxes, groups of boxes, or other shapes) in the figures
represent one example of the boundaries. It may be that in
some examples, one element may be designed as multiple
elements or that multiple elements may be designed as one
element. In some examples, an element shown as an internal
component of one element may be implemented as an
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external component in another, and vice versa. Furthermore,
elements may not be drawn to scale.

[0008] Various embodiments will hereinafter be described
in accordance with the appended drawings, which are pro-
vided to illustrate, and not limit, the scope in any manner,
wherein similar designations denote similar elements, and in
which:

[0009] FIG.1 is a block diagram of a system environment,
in which various embodiments can be implemented;
[0010] FIG. 2 is a block diagram of a system that is
capable of identifying one or more clusters in a multivariate
dataset, in accordance with at least one embodiment;
[0011] FIGS. 3A and 3B illustrate a flowchart of a method
for predicting a health condition of a first human subject, in
accordance with at least one embodiment; and

[0012] FIGS. 4A and 4B illustrate a flow diagram of a
method for predicting a health condition of a first human
subject, in accordance with at least one embodiment.

DETAILED DESCRIPTION

[0013] The present disclosure is best understood with
reference to the detailed figures and descriptions set forth
herein. Various embodiments are discussed below with
reference to the figures. However, those skilled in the art will
readily appreciate that the detailed descriptions given herein
with respect to the figures are simply for explanatory pur-
poses, as the methods and systems may extend beyond the
described embodiments. For example, the teachings pre-
sented and the needs of a particular application may yield
multiple alternate and suitable approaches to implement the
functionality of any detail described herein. Therefore, any
approach may extend beyond the particular implementation
choices in the following embodiments described and shown.
[0014] References to “one embodiment,” “at least one
embodiment,” “an embodiment,” “one example”, “an
example”, “for example” and so on, indicate that the
embodiment(s) or example(s) so described may include a
particular feature, structure, characteristic, property, ele-
ment, or limitation, but that not every embodiment or
example necessarily includes that particular feature, struc-
ture, characteristic, property, element, or limitation. Further-
more, repeated use of the phrase “in an embodiment” does
not necessarily refer to the same embodiment.

[0015] Definitions: The following terms shall have, for the
purposes of this application, the respective meanings set
forth below.

[0016] A “multivariate dataset” refers to a dataset that
includes observations of a p-dimensional variable. For
example, “n” observations of p-dimensional variable may
constitute a multivariate dataset. For example, a medical
record data may include a measure of one or more physi-
ological parameters of one or more patients, where the one
or more physiological parameters correspond to the p-di-
mensions and the one or more patients correspond to n
observations. Such medical record data is an example of the
multivariate dataset.

[0017] A “healthcare dataset” refers to a multivariate
dataset that includes data obtained from the healthcare
industry. In an embodiment, the healthcare dataset may
correspond to a patient record data, hospital data, medical
insurance data, diagnostics data, etc. In a scenario, where the
healthcare data corresponds to the patient record data, the
one or more physiological parameters correspond to the

2 o«

»

Oct. 20, 2016

p-dimensional variable, and the number of records in the
healthcare data corresponds to the observations.

[0018] A “human subject” corresponds to a human being,
who may be suffering from a health condition or a disease.
In an embodiment, the human subject may correspond to a
person who seeks a medical opinion on his/her health
condition.

[0019] A “Gaussian Mixture Model (GMM)” refers to a
mathematical model, which assumes that data values in the
multivariate dataset are generated from a mixture of a finite
number of Gaussian (or Normal) distributions of unknown
parameters. By estimating the parameters of the GMM, one
or more clusters may be identified in the multivariate
dataset.

[0020] A “Gaussian Copula Mixture Model (GCMM)”
refers to a mathematical model that is capable of identifying
one or more clusters in the multivariate dataset, where data
values in each of the one or more clusters are distributed
according to a Gaussian Copula distribution. In an embodi-
ment, copula corresponds to a multivariate probability dis-
tribution, for which marginal probability of each dimension
of the p-dimensional variable is uniformly distributed. In an
embodiment, copulas may be used for describing depen-
dence between the dimensions in the dataset. In an embodi-
ment, GCMM may be used for determining trends/identify-
ing clusters in the multivariate dataset, when the data in the
multivariate dataset is not normally distributed. A typical
Gaussian copula mixture model (GCMM) is represented by
the following equation:

G 1
Do T g Z) @

GCMM = >
HFll'/j(Zi,j)

where,

[0021] <z Inverse cumulative distribution of p-dimen-
sional random variable x along j” dimension, such that
Zlﬂpj'l(ui ;) (#;; 1s also referred as a latent variable);
[0022] v, Cumulative distribution function of p-dimen-
sional random variable x along j” dimension;

[0023] p: Number of dimensions of random variable;
[0024] = Mixing proportion of a cluster g with respect to
other clusters in the multivariate dataset;

[9025] Pz, ;): Marginal density of GMM along i™ dimen-
sion;

[0026] G: Number of clusters in the multivariate dataset;
[0027] p,: Mean of the Gaussian Copula Mixture cluster
component g;

[0028] Z,: Covariance matrix of p-dimensional variable x
(representative of a covariance of cluster g with other
clusters); and

[0029]  ¢(z,/n,. 2,): Multivariate Gaussian distribution of'a
cluster g with mean p, and variance %

[0030] A “cumulative distribution” refers to a distribution
function, that describes the probability that a real-valued
random variable X with a given probability distribution will
be found at a value less than or equal to x.

[0031] An “inverse cumulative distribution” refers to an
inverse function of the cumulative distribution of the ran-
dom variable X.

[0032] A “mixing proportion of cluster components” refer
to a probability that a data value in the multivariate dataset
belongs to different clusters. For example, the multivariate
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data includes two clusters. A probability that a data value in
the multivariate data set belongs to the first cluster is 0.6.
Then, the probability that the data value will belong to the
second cluster is 0.4. In an embodiment, the sum of prob-
ability of the data value in each of the one or more clusters
in the dataset is one.

[0033] A “latent variable” refers to an intermediate vari-
able that is not obtained from the multivariate dataset. In an
embodiment, the latent variable is determined based on one
or more parameters of a distribution representing the mul-
tivariate dataset. For example, if the distribution represent-
ing the multivariate dataset is the Gaussian Copula distri-
bution, the latent variable (denoted as Z) may correspond to
the inverse cumulative distribution of the p-dimensional
variable (refer to equation 1).

[0034] “Probability” shall be broadly construed, to include
any calculation of probability; approximation of probability,
using any type of input data, regardless of precision or lack
of precision; any number, either calculated or predeter-
mined, that simulates a probability; or any method step
having an effect of using or finding some data having some
relation to a probability.

[0035] A “random variable” refers to a variable that may
be assigned a value probabilistically or stochastically.
[0036] A “classifier” refers to a mathematical model that
may be configured to categorize data into one or more
categories. In an embodiment, the classifier is trained based
on historical data. Examples of the classifier may include,
but are not limited to, a Support Vector Machine (SVM), a
Logistic Regression, a Bayesian Classifier, a Decision Tree
Classifier, a Copula-based Classifier, a K-Nearest Neighbors
(KNN) Classifier, or a Random Forest (RF) Classifier.
[0037] “Training” refers to a process of updating/tuning a
classifier using a historical data such that the classifier is able
to predict the one or more categories in the historical data
with a greater accuracy.

[0038] “Gibbs sampling” refers to a statistical technique
that may be used to generate samples from a multivariate
distribution. In an embodiment, Gibbs sampling corresponds
to a Markov Chain Monte Carlo (MCMC) algorithm for
obtaining a sequence of observations from a joint distribu-
tion of two or more univariate marginal distributions, when
direct sampling from the multivariate distribution may be
difficult.

[0039] “Expectation Maximization (EM) algorithm”
refers to a statistical technique of determining a maximum
likelihood estimate of one or more parameters of a distri-
bution, where the distribution depends on unobserved latent
variables.

[0040] FIG. 1 is a block diagram illustrating a system
environment 100 in which various embodiments may be
implemented. The system environment 100 includes an
application server 102, a database server 104, a human
subject-computing device 106, and a network 112.

[0041] The application server 102 refers to a computing
device including one or more processors and one or more
memories. The one or more memories may include com-
puter readable code that is executable by the one or more
processors to perform predetermined operation. In an
embodiment, the predetermined operation may include pre-
dicting a health condition of a first human subject. In an
embodiment, the application server 102 may extract a his-
torical data comprising medical records of one or more
second human subjects from the database server 104. In an
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embodiment, a medical record associated with a human
subject may include a measure of one or more physiological
parameters associated with the human subject. In an
embodiment, the application server 102 may apply a rank
transformation on the historical data to determine a trans-
formed historical data using an extended rank likelihood
technique. Further, the application server 102 may deter-
mine a latent variable based on inverse cumulative distri-
bution of the transformed historical data. Thereafter, in an
embodiment, the application server 102 may estimate one or
more parameters of a first distribution associated with each
of the one or more health conditions in the historical data
based on the latent variable. In an embodiment, the first
distribution may correspond to a GCM distribution and the
one or more parameters of the first distribution may include,
but are not limited to, a mean, a covariance matrix, and a
mixing proportion, of each of one or more cluster compo-
nents of the first distribution. Thereafter, the application
server 102 may re-sample the latent variable for each
physiological parameter. To that end, the application server
102 may first determine lower and upper bounds of latent
variable for each physiological parameter. Thereafter, the
application server 102 may determine a second distribution
of the physiological parameter, associated with each of the
one or more health conditions in the historical data based on
the one or more parameters of the first distribution. Further,
the application server 102 may sample a random variable
from the second distribution of the physiological parameter.
The application server 102 may then update the latent
variable based on the sampled random variable. Thereafter,
the application server 102 may evaluate a termination con-
dition to determine whether the latent variable is to be
re-sampled again. If the termination condition has not been
reached, the application server 102 may re-estimate the one
or more parameters of the first distribution based on the
updated latent variable and then re-sample the latent vari-
able, in a manner similar to that described above. However,
if the termination condition has been reached, the applica-
tion server 102 may determine the first distribution based on
the updated latent variable and the one or more parameters
associated with the first distribution.

[0042] Further, the application server 102 may use the first
distribution to identify the one or more health conditions in
the historical data. The application server 102 may train a
classifier to predict the one or more health conditions in the
historical data based on the first distribution. Thereafter, in
an embodiment, the application server 102 may receive a
measure of the one or more physiological parameters of the
first human subject from the human subject-computing
device 106 of the first human subject. Alternatively, in a
scenario where the one or more physiological parameters of
the first human subject are stored on the database server 104,
the application server 102 may extract the one or more
parameters of the first human subject from the database
server 104. In another embodiment, the application server
102 may include one or more biosensors or may be com-
municatively coupled to the one or more biosensors. The one
or more biosensors may determine the measure of the one or
more physiological parameters of the first human subject.

[0043] Thereafter, based on the measure of the one or
more physiological parameters of the first human subject,
the application server 102 may predict the health condition
of the first human subject using the classifier. The applica-
tion server 102 may then display the predicted health
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condition of the first human subject through a user-interface
on the human subject-computing device 106. An embodi-
ment of the prediction of the health condition of the first
human subject has been explained further in conjunction
with FIGS. 3A and 3B.

[0044] The application server 102 may be realized through
various types of application servers such as, but not limited
to, Java application server, NET framework application
server, and Base 4 application server.

[0045] The database server 104 may refer to a computing
device, which stores at least the historical data including the
medical records of the one or more second human subjects.
In an embodiment, the database server 104 may receive the
measure of the one or more physiological parameters of each
of the one or more second human subjects from the human
subject-computing device 106 of the respective second
human subject. Thereafter, the database server 104 may
store the one or more physiological parameters of the one or
more second human subjects as the medical records in the
historical data. In addition, in an embodiment, the database
server 104 may also store the one or more physiological
parameters of the first human subject. In an embodiment, the
database server 104 may receive a query from the applica-
tion server 102 to extract the information stored on the
database server 104. The database server 104 may be
realized through various technologies such as, but not lim-
ited to, Oracle®, IBM DB2®, Microsoft SQL Server®,
Microsoft Access®, PostgreSQL®, MySQL® and
SQLite®, and the like. In an embodiment, the application
server 102 may connect to the database server 104 using one
or more protocols such as, but not limited to, Open Database
Connectivity (ODBC) protocol and Java Database Connec-
tivity (JDBC) protocol.

[0046] A person with ordinary skill in the art would
understand that the scope of the disclosure is not limited to
the database server 104 as a separate entity. In an embodi-
ment, the functionalities of the database server 104 can be
integrated into the application server 102.

[0047] The human subject-computing device 106 refers to
a computing device used by a human subject (such as the
first human subject and the one or more second human
subjects). The human subject-computing device 106 may
include one or more processors and one or more memories.
The one or more memories may include computer readable
code that is executable by the one or more processors to
perform predetermined operation. In an embodiment, one or
more biosensors (e.g., a biosensor-1 108a, a biosensor-2
1085, and a biosensor-3 108¢) may be inbuilt within the
human subject-computing device 106. Alternatively, the one
or more biosensors (e.g., a biosensor-1 108a, a biosensor-2
108, and a biosensor-3 108¢) may be coupled to the human
subject-computing device 106 through one or more data
acquisition (DAQ) interfaces (e.g., a DAQ interface- 1 110q,
a DAQ interface-2 1105, and a DAQ interface-3 110¢). For
instance, as shown in FIG. 1, the DAQ interface-1 110a may
connect the biosensor-1 1084 with the human subject-
computing device 106. Similarly, the DAQ interface-2 1105
may connect the biosensor-2 1085 with the human subject-
computing device 106, and so on. Examples of the one or
more DAQ interfaces, for example, 110g, include but are not
limited to, a Universal Serial Bus (USB) Port, a FireWire
Port, an IEEE 1394 standard based connector, or any other
serial/parallel data interfacing connector known in the art. In
another embodiment, the one or more biosensors, e.g., 1084,
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may be connected to the human subject-computing device
106 through a wireless connection such as, but not limited
to, a Bluetooth based connection, a Near Field Communi-
cation (NFC) based connection, a Radio Frequency Identi-
fication (RFID) based connection, or any other wireless
communication protocol.

[0048] In an embodiment, the one or more physiological
parameters of the human subject may be measured using the
one or more biosensors (e.g., a biosensor-1 1084, a biosen-
sor-2 1085, and a biosensor-3 108¢). Examples of the one or
more physiological parameters include, but are not limited
to, a blood glucose level, a blood pressure, an age, a
cholesterol level, a heart rate, a breath carbon-dioxide con-
centration, or a breath oxygen concentration. Thereafter, the
human subject-computing device 106 may transmit the
measure of the one or more physiological parameters of the
human subject to at least one of the application server 102
or the database server 104. In an embodiment, the applica-
tion server 102 may predict a health condition of the human
subject, as described above. Thereafter, the human subject-
computing device 106 may display the predicted health
condition of the human subject through a user-interface on
a display device of the human subject-computing device
106. Based on the predicted health condition of the human
subject, the human subject may consult with a medical
practitioner.

[0049] A person skilled in the art will understand that the
scope of the disclosure is not limited to the human subject-
computing device 106 being used by the human subject. In
an embodiment, the human subject-computing device 106
may be used by a medical practitioner. In such a scenario,
when a human subject visits the medical practitioner for a
consultation, the medical practitioner may use the human
subject-computing device 106 to measure the one or more
physiological parameters of the human subject. Thereafter,
the human subject-computing device 106 may transmit the
one or more physiological parameters of the human subject
to at least one of the application server 102 or the database
server 104. The application server 102 may predict a health
condition of the human subject, as described above. There-
after, the human subject-computing device 106 may display
the predicted health condition of the human subject through
the user-interface on a display device of the human subject-
computing device 106. Based on the predicted health con-
dition of the human subject, the medical practitioner may
recommend a treatment course including one or more medi-
cines, one or more clinical/pathological tests, or one or more
diet plans to the human subject.

[0050] The human subject-computing device 106 may
include a variety of computing devices such as, but not
limited to, a laptop, a personal digital assistant (PDA), a
tablet computer, a smartphone, a phablet, and the like.
[0051] A person skilled in the art will understand that the
scope of the disclosure is not limited to the human subject-
computing device 106 and the application server 102 as
separate entities. In an embodiment, the application server
102 may be realized as an application hosted on or running
on the human subject-computing device 106 without depart-
ing from the spirit of the disclosure.

[0052] The network 112 corresponds to a medium through
which content and messages flow between various devices
of the system environment 100 (e.g., the application server
102, the database server 104, and the human subject-com-
puting device 106). Examples of the network 112 may



US 2016/0306935 A1l

include, but are not limited to, a Wireless Fidelity (Wi-Fi)
network, a Wireless Area Network (WAN), a Local Area
Network (LAN), or a Metropolitan Area Network (MAN).
Various devices in the system environment 100 can connect
to the network 112 in accordance with various wired and
wireless communication protocols such as Transmission
Control Protocol and Internet Protocol (TCP/IP), User Data-
gram Protocol (UDP), and 2G, 3G, or 4G communication
protocols.

[0053] FIG. 2 is a block diagram of a system 200 that is
capable of identifving one or more clusters in a multivariate
dataset, in accordance with at least one embodiment. In an
embodiment, the system 200 may correspond to the appli-
cation server 102 or the human subject-computing device
106. For the purpose of ongoing description, the system 200
is considered the application server 102. However, the scope
of the disclosure should not be limited to the system 200 as
the application server 102. The system 200 may also be
realized as the human subject-computing device 106, with-
out departing from the spirit of the disclosure.

[0054] The system 200 includes a processor 202, a
memory 204, a transceiver 206, a display 208, and a
comparator 210. The processor 202 is coupled to the
memory 204 and the transceiver 206. The transceiver 206 is
coupled to a network 112 through an input terminal 212 and
an output terminal 214.

[0055] The processor 202 includes suitable logic, cir-
cuitry, and interfaces and is configured to execute one or
more instructions stored in the memory 204 to perform
predetermined operations on the computing device 100. The
memory 204 may be configured to store the one or more
instructions. The processor 202 may be implemented using
one or more processor technologies known in the art.
Fxamples of the processor 202 include, but are not limited
to, an X86 processor, a RISC processor, an ASIC processor,
a CISC processor, or any other processor.

[0056] The memory 204 stores a set of instructions and
data. Some of the commonly known memory implementa-
tions include, but are not limited to, a RAM, a read-only
memory (ROM), a hard disk drive (HDD), and a secure
digital (SD) card. Further, the memory 204 includes the one
or more instructions that are executable by the processor 202
to perform specific operations. It is apparent to a person
having ordinary skill in the art that the one or more instruc-
tions stored in the memory 204 enable the hardware of the
computing device 100 to perform the predetermined opera-
tions.

[0057] The transceiver 206 transmits and receives mes-
sages and data to/from one or more computing devices
connected to the computing device 100 over the network
112. Examples of the network 112 may include, but are not
limited to, a Wireless Fidelity (Wi-Fi) network, a Wireless
Area Network (WAN), a Local Area Network (LAN), or a
Metropolitan Area Network (MAN). In an embodiment, the
transceiver 206 is coupled to the network 112 through the
input terminal 212 and the output terminal 214, through
which the transceiver 206 may receive and transmit data/
messages respectively. Examples of the transceiver 206 may
include, but are not limited to, an antenna, an Ethernet port,
a USB port, or any other port that can be configured to
receive and transmit data. The transceiver 206 transmits and
receives data/messages in accordance with the various com-
munication protocols such as, TCP/IP, UDP, and 2G, 3G, or
4G communication protocols.
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[0058] The display 208 facilitates a user of the computing
device 100 to view information presented on the computing
device 100. For example, the user may view a multivariate
dataset and one or more clusters identified in the multivari-
ate dataset on the display 208. The display 208 may be
realized through several known technologies, such as Cath-
ode Ray Tube (CRT) based display, Liquid Crystal Display
(LCD), Light Emitting Diode (LED) based display, Organic
LED based display, and Retina display® technology. In an
embodiment, the display 208 can be a touch screen that is
operable to receive a user-input.

[0059] The comparator 210 is configured to compare at
least two input signals to generate an output signal. In an
embodiment, the output signal may correspond to either “1”
or “0.” In an embodiment, the comparator 210 may generate
output “1” if the value of a first signal (from the at least two
signals) is greater than the value of a second signal (from the
at least two signals). Similarly, the comparator 210 may
generate an output “0” if the value of the first signal is less
than the value of the second signal. In an embodiment, the
comparator 210 may be realized through either software
technologies or hardware technologies known in the art.
Though, the comparator 210 is depicted as independent from
the processor 202 in FIG. 1, a person skilled in the art would
appreciate that the comparator 210 may be implemented
within the processor 202 without departing from the scope
of the disclosure.

[0060] FIGS. 3A and 3B illustrate a flowchart 300 of a
method for predicting a health condition of a first human
subject, in accordance with at least one embodiment. The
flowchart 300 has been described in conjunction with FIG.
1 and FIG. 2.

[0061] At step 302, a historical data including medical
records of one or more second human subjects is extracted.
In an embodiment, the processor 202 is configured to extract
the historical data from the database server 104. In a
scenario where the historical data is stored in the memory
204, the processor 202 may extract the historical data from
the memory 204. In an embodiment, the historical data may
correspond to a multivariate healthcare dataset, which
includes a measure of one or more physiological parameters
of each of the one or more second human subjects. Examples
of the one or more physiological parameters include, but are
not limited to, a blood glucose level, a blood pressure, an
age, a cholesterol level, a heart rate, a breath carbon-dioxide
concentration, and a breath oxygen concentration. In another
embodiment, the processor 202 may receive the measure of
the one or more physiological parameters of each of the one
or more second human subjects from the human subject-
computing device 106 of the respective second human
subjects. The processor 202 may store the information
pertaining to the one or more physiological parameters of
the one or more second human subjects as the historical data
in the memory 204 or in the database server 104. In an
embodiment, the historical data may correspond to a p-di-
mensional multivariate dataset. The one or more physiologi-
cal parameters may correspond to a p-dimensional variable.
Thus, each physiological parameter may correspond to a
different dimension in the p-dimensional multivariate data-
set corresponding to the historical data. Further, each medi-
cal record in the historical data may correspond to an
observation in the p-dimensional multivariate dataset corre-
sponding to the historical data.
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[0062] A person having ordinary skill in the art would
understand that the scope of disclosure is not limited to the
aforementioned physiological parameters. In an embodi-
ment, various other physiological parameters may be used
without departing from the spirit of the disclosure.

[0063] Further, in an embodiment, the processor 202 may
receive a user-input pertaining to a number of the one or
more health conditions (denoted by G clusters) in the
multivariate dataset corresponding to the historical data.
[0064] At step 304, a rank transformation is applied on the
historical data to obtain a transformed historical data. In an
embodiment, the processor 202 is configured to obtain the
transformed historical data by applying the rank transfor-
mation on the historical data using an extended rank likeli-
hood technique. To generate the transformed historical data,
the processor 202 determines ranks of the individual obser-
vations in each of the p-dimensions in the historical data. In
an embodiment, the processor 202 may assign a rank 1 to an
observation having the lowest value in a particular dimen-
sion. Further, the processor 202 may assign a rank 2 to an
observation having the next highest observation in that
dimension, and so on till a rank N to an observation having
the highest value in the particular dimension in the historical
data. Thereafter, in an embodiment, the processor 202 may
divide each rank by N so that the final values of the ranks of
the observations lie between 0 and 1. The final values of the
ranks of the observations, which lie between 0 and 1, may
correspond to the transformed historical data. For example,
the historical data includes five observations. The values of
the five observations for a particular dimension may include
the values 0.1, 5.6, 3.1, 0.8, and 2.2. The processor 202 may
assign the ranks 1, 5, 4, 2, and 3 to the observations. Further,
the processor 202 may determine the final values of the
ranks, and hence the transformed historical data as 0.2, 1,
0.8, 0.4, and 0.6 (i.e., by dividing the ranks by 5).

[0065] In case of a GCM distribution, in an embodiment,
without knowledge of marginals F, of the copula associated
with the GCM distribution, and without observing values of
a latent variable 7 (refer equation 1), based on the obser-
vations in the historical data (i.e., y, ), the processor 202
may determine that the values of the latent variable Z may
lie in a set D represented as under:

D={ZER™Zimax{z:y,;<Y 1 <z<min{z,:y,; <y } } (2)
where,
[0066] D: a set representing a range of values within

which the latent variable 7 is constrained based on obser-
vations in the historical data (i.€.. y,, .

[0067] =z the value of the latent variable for the i”
observation of the j* physiological parameter in the histori-
cal data;

[0068] 'y, i” observation of the j* physiological param-
eter in the historical data;

[0069] n: number of observations in the historical data;
and

[0070] p: number of physiological parameters in the his-
torical data.

[0071] Thereafter, the processor 202 may determine a rank

likelihood as a probability of the latent variable Z lying in
the set D using the following equation:

P(ZEDIO,F,, F,, . .. F,)=,P(Z®)dZ=P(ZED|O) 3)
where,
[0072] ©: the one or more parameters of the GCM distri-

bution (a first distribution);
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[0073] F,, F,, ...F,: marginals of the copula associated
with the GCM distribution (the first distribution); and

[0074] P(ZEDIO): the rank likelihood of the latent vari-
able Z.
[0075] A person skilled in the art would appreciate that the

historical data may include data of various data types such
as, but not limited to, a numerical data type or a categorical
data type. However, in an embodiment, the transformed
historical data may include only the ranks. Further, the
transformed historical data may not have any missing val-
ues, even in a scenario where the historical data has certain
missing values. In an embodiment, a GCM distribution
determined from the original historical data may be same as
a GCM distribution determined from the transformed his-
torical data. As the transformed multivariate dataset does not
include any missing values or categorical data, the GCM
distribution determined from the transformed historical data
may be more accurate in identifying the one or more clusters
in the historical data than the GCM distribution determined
from the original historical data, which may have missing
values or categorical data.

[0076] For example, the historical data includes a physi-
ological parameter such as gender, which is of a categorical
data type. Thus, observations for the physiological param-
eter “gender” may have either a value of “Male” or
“Female”, which may in turn be represented as “0” and “1”
in the historical data. In an embodiment, the processor 202
may determine a binomial distribution of the observations of
gender in the historical data. Thereafter, the processor 202
may fit the binomial distribution to a GMM distribution
based on the rank transformation. Thus, the observations of
categorical data type in the historical data may be converted
into numerical data in the transformed historical data.
[0077] Further, in case of a missing value y,; in the
historical data, the value of the latent variable z, ; may be
imputed from an unconstrained mixture of normal distribu-
tions (i.e., a GMM) with parameters ® (which are same as
the one or more parameters (@) of the first distribution)
during re-sampling of the latent variable 7 (as discussed in
the steps 310 through 318). Thus, the transformed historical
data, represented in terms of the latent variable, may not
have any missing values.

[0078] At step 306, the latent variable is determined based
on an inverse cumulative distribution of the transformed
historical data. In an embodiment, the processor 202 is
configured to determine the latent variable based on the
inverse cumulative distribution of the transformed historical
data using the following equation:

Z=p"(Tp) )
where,
[0079] Z: the latent variable of the GCM distribution (refer
equation 1);
[0080] Yj: the transformed historical data; and
[0081] ¢~': an inverse cumulative distribution function.
[0082] At step 308, the one or more parameters of the first

distribution associated with the one or more health condi-
tions in the historical data are estimated. In an embodiment,
processor 202 is configured to estimate the one or more
parameters of the first distribution based on the latent
variable. In a scenario where the first distribution corre-
sponds to the GCM distribution, the one or more parameters
(denoted by ®) may include at least one of a mean (denoted
by 1), a covariance matrix (denoted by ©,), and a mixing
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proportion (denoted by ), of a cluster component (denoted
by g) associated with the first distribution. Thus, for a cluster
component, g (from the one or more cluster components, G),
the one or more parameters may be represented as O=[y,
2, m]. In an embodiment, the processor 202 may estimate
the one or more parameters of the first distribution using a
Gibbs sampling technique or an Expectation Maximization
(EM) technique. For example, the processor 202 may deter-
mine the one or more parameters of the GCM distribution by
maximizing the extended rank likelihood function P
(Z€DIO) (determined using equation 3) as a function of ®
using an EM technique or a Bayesian technique. Alterna-
tively, the processor 202 may use a Gibbs sampling tech-
nique to obtain a Bayesian inference estimate for the one or
more parameters of the GCM by constructing a Markov
chain having a stationary posterior distribution equal to:
P(B1ZED)xP(@)«xP(ZEDIO).

[0083] A person skilled in the art would appreciate that the
scope of the disclosure is not limited to determining the one
or more parameters of the first distribution, as disclosed
above. The one or more parameters may be determined
using any statistical technique known in the art without
departing from the scope of the disclosure.

[0084] After determining the one or more parameters of
the first distribution, the processor 202 may re-sample the
latent variable (i.e., 7Z) for each physiological parameter, as
described in steps 310 through 318.

[0085] At step 310, a lower bound and an upper bound of
the latent variable for a physiological parameter from the
one or more physiological parameters is determined. In an
embodiment, the processor 202 is configured to determine
the lower bound (denoted by Z,) and the upper bound
(denoted by Z,) of the latent variable Z for the j* physi-
ological parameter using the following equations:

Zrmax{zy: y;<y} ®)
Zu:min{zij: yij>y} (6)
where,
[0086] Z,: the lower bound of the latent variable Z for the

i™ physiological parameter;

[0087] Z,: the upper bound of the latent variable Z for the
i physiological parameter;

[0088] y: each unique observation in the historical data,
for a given value of the j physiological parameter; and
[0089] yl.j:i’h observation of the j physiological parameter
in the historical data.

[0090] In an embodiment, the processor 202 may utilize
the comparator 210 to perform the comparisons involved in
the equations 5 and 6. For instance, the processor 202 may
use the comparator 210 to compare a given value of y,; with
y (i.e,, each unique value of y,, for the i™ physiological
parameter).

[0091] At step 312, a second distribution of the physi-
ological parameter is determined. In an embodiment, the
processor 202 is configured to determine the second distri-
bution of the physiological parameter, associated with each
of the one or more health conditions in the historical data
(i.e., the G clusters in the first distribution) based on the one
or more parameters of the first distribution. In a scenario
where the first distribution corresponds to the GCM distri-
bution, in an embodiment, the processor 202 may first
determine a GMM distribution for the physiological param-
eter based on the one or more parameters of the GCM
distribution (determined at step 308). To determine the
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GMM distribution, the processor 202 may determine one or
more parameters of the GMM distribution based on the one
or more parameters of the GCM distribution. For example,
for the j* physiological parameter, the processor 202 may
determine a mean i, and a standard deviation o, for each
cluster g of the GMM distribution, based on the value of a
mean U and a covariance matrix 2 for the respective
cluster g of the GCM distribution. After determining the
GMM distribution for the physiological parameter, the pro-
cessor 202 may determine the second distribution by trun-
cating each cluster g (e.g., a Gaussian/Normal distribution)
in the GMM based the lower bound (i.e., Z,) and the upper
bound (i.e., Z,,) of the latent variable Z for the physiological
parameter (determined at step 310). In an embodiment, the
second distribution may be represented by the following
expression:

INQ;, O Z;, Z,), for g=1,2,3. .. G (7)

where,

[0092] p,: Mean of the Gaussian distribution from the g
cluster component of the GMM for the i dimension;
[0093] o, Standard deviation of the Gaussian distribution
from the g” cluster component of the GMM for the jth
dimension; and

[0094] TN: Truncated Normal distribution formed by trun-
cation of the Gaussian distribution from the g™ cluster
component of the GMM based on the lower bound (Z,) and
the upper bound (Z,) of the latent variable 7.

[0095] At step 314, a random variable is sampled from the
second distribution of the physiological parameter. In an
embodiment, the processor 202 is configured to sample the
random variable from the second distribution of the physi-
ological parameter. For each observation y,; of the i* physi-
ological parameter in the historical data, the processor 202
may sample the random variable (denoted by R, ) from the
second distribution, TN(ug/., Ogpr Lo 7.), for each cluster
g=1, 2, . .. G in the GMM of the second distribution. A
person skilled in the art would appreciate that any statistical
technique known in the art may be used to perform the
sampling of the random variable from the second distribu-
tion without departing from the spirit of the disclosure.
[0096] At step 316, the latent variable is updated based on
the random variable. In an embodiment, the processor 202 is
configured to update the latent variable based on the random
variable sampled at step 314. In an embodiment, the updat-
ing of the latent variable may also be based on the mixing
proportion of the one or more cluster compenents (i.e., m,)
in the first distribution (i.e. the one or more health conditions
in the historical data). In an embodiment, the processor 202
may perform the updating of the latent variable 7 using the
following equation:

Z;70,,°n Ry, for cach i ®)

[0097] Z,: the value of the latent variable for the i”
observation of the i physiological parameter in the histori-
cal data;

[0098] m,: the mixing proportion of the cluster component
g (i.e., the g” health condition in the historical data) of the
first distribution; and

[0099] Rgij: the value of the random variable sampled
from the g” cluster component in the GMM of the second
distribution for the i observation of the j* physiological
parameter in the historical data.

[0100] A person skilled in the art would appreciate that the
truncation of each cluster g (e.g., a Gaussian/Normal distri-
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bution) in the GMM of the second distribution based on the
lower bound (Z,) and the upper bound (Z,) of the latent
variable Z (at step 312) may ensure that the values of the
latent variable updated at step 316 lie within the set D
(represented in expression 2).

[0101] At step 318, a check is performed to determine
whether all physiological parameters in the historical data
have been processed. In an embodiment, the processor 202
is configured to perform the check. The processor 202
performs an iteration of the steps 310 through 318 for each
physiological parameter, not yet been processed. Alterna-
tively, if the processor 202 determines that all the physi-
ological parameters have been processed, the processor 202
performs step 320.

[0102] At step 320, a check is performed to determine
whether a termination condition is reached. In an embodi-
ment, the processor 202 is configured to perform the check.
Based on the check, if it is determined that the termination
is reached, the processor 202 may perform step 324. Oth-
erwise, the processor 202 performs an iteration of step 322
followed by the steps 310 through 320. In an embodiment,
the termination condition may correspond to performing a
predetermined number of iterations of the step 322 followed
by the steps 310 through 320. Alternatively, when the values
of the updated latent variables in two consecutive iterations
are approximately equal or differ by a small threshold value,
the processor 202 may determine that the value of the latent
variable has converged to a final value and the termination
condition has been reached.

[0103] A person skilled in the art would appreciate that the
scope of the disclosure is not limited to the terminal condi-
tion, as discussed above. The disclosure may be imple-
mented with any terminal condition without departing from
the scope of the disclosure.

[0104] At step 322, the one or more parameters of the first
distribution are re-estimated based on the updated latent
variable. In an embodiment, if the processor 202 determines
at step 320 that the termination condition has not been
reached, the processor 202 is configured to re-estimate the
one or more parameters of the first distribution based on the
updated value of the latent variable at step 316. In an
embodiment, the one or more parameters may be re-esti-
mated in a manner similar to the estimation of the one or
more parameters described in step 308, by using the updated
value of the latent variable.

[0105] At step 324, the one or more health conditions are
identified in the historical data by utilizing the first distri-
bution. In an embodiment, if the processor 202 determines
at step 320 that the termination condition has been reached,
the processor 202 is configured to use the first distribution to
identify the one or more health conditions in the historical
data. In an embodiment, the processor 202 may determine
the first distribution based on the updated value of the latent
variable and the updated one or more parameters associated
with the first distribution. Further, the processor 202 may
assign the final values of the latent variable as labels for the
each of the one or more health conditions in the historical
data. Thus, the medical records of each of the one or more
second human subjects (i.e., the observations) in the histori-
cal data are clustered into the one or more health conditions,
based on the final value of the latent variable in the first
distribution. For example, the processor 202 labels an obser-
vation y, in the historical data with a latent variable of value
z~z*. In such a scenario, the processor 202 may use the
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value of zi=z* for the observation yi, to identify the health
condition (e.g., a g” cluster component from the G cluster
components of the first distribution) in which the observa-
tion y, has been categorized.

[0106] At step 326, a classifier is trained based on the first
distribution. In an embodiment, the processor 202 is con-
figured to train the classifier. As discussed above, the pro-
cessor 202 may determine the first distribution based on the
updated one or more parameters and the updated latent
variable. In an embodiment, the processor 202 may train the
classifier based on the first distribution and the historical
data, using one or more machine learning techniques known
in the art. Examples of the classifier may include, but are not
limited to, a Support Vector Machine (SVM), a Logistic
Regression, a Bayesian Classifier, a Decision Tree Classifier,
a Copula-based Classifier, a K-Nearest Neighbors (KNN)
Classifier, or a Random Forest (RF) Classifier.

[0107] A person skilled in the art would appreciate that the
scope of the disclosure is not limited to the training of the
classifier, as discussed above. The classifier may be trained
using any machine learning or artificial intelligence tech-
nique known in the art without departing from the spirit of
the disclosure.

[0108] At step 328, a measure of the one or more physi-
ological parameters of the first human subject is received. In
an embodiment, the processor 202 is configured to receive
the measure of the one or more physiological parameters of
the first human subject from the human subject-computing
device 106 of the first human subject. In an embodiment, as
discussed, the one or more biosensors, for example, 108a,
may be inbuilt within the human subject-computing device
106. Alternatively, the one or more biosensors, for example,
1084 may be coupled to the human subject-computing
device 106 through the one or more DAQ interfaces, for
example, 110q. In an embodiment, the one or more biosen-
sors, for example, 1084, may measure the one or more
physiological parameters of the first human subject. There-
after, the human subject-computing device 106 may send the
one or more physiological parameters of the first human
subject to the processor 202.

[0109] At step 330, the health condition of the first human
subject is predicted using the classifier. In an embodiment,
the processor 202 is configured to predict the health condi-
tion of the first human subject using the classifier. Prior to
predicting the health condition, the processor 202 may
receive a measure of the one or more physiological param-
eters of the first human subject from the user. Based on the
one or more physiological parameters of the first human
subject, the processor 202 may predict the health condition
of the first human subject by utilizing the classifier. Further,
the processor 202 may display the predicted health condition
of the first human subject through a user-interface on the
human subject-computing device 106 of the first human
subject. In an embodiment, the health condition may corre-
spond to at least one of a disease risk, a disease symptom,
an onset of a disease, a recovery from a disease, or an effect
of medications for a disease.

[0110] A person having ordinary skill in the art would
understand that the scope of the disclosure should not be
limited to determining a health condition of a human subject.
In an embodiment, similar medical data may be analyzed to
draw out various inferences. For instance, insurance data
pertaining to health care may be analyzed to determine
health insurance frauds.
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[0111] Further, the method described in flowchart 300 may
be applied at various levels in the healthcare industry such
as at individual patient level through analysis of Electronic
Medical Records (EMR), or at hospital level (e.g., identi-
fying a group of patients having risk of getting involved in
health insurance frauds). For example, the historical data
may correspond to a multivariate dataset including medical
insurance records of one or more individuals. In such a
scenario, the p-dimensional variable in each medical insur-
ance record may correspond to one or more insurance
related parameters such as age of an insured person, one or
more physiological parameters of the insured person, pre-
mium being paid by the insured person, insurance amount,
coverage limit, and so on. Thus, the process described in the
flowchart 300 may be utilized to determine insurance frauds,
recommend insurance amounts, etc.

[0112] Further, a person skilled in the art would appreciate
that the scope of the disclosure should not be limited to
predicting the health condition of the first human subject. In
an embodiment, the disclosure may be implemented for
identifying one or more categories in any multivariate
dataset. Further, the disclosure may be implemented for
predicting a category from the one or more categories into
which a new record of the multivariate dataset may classi-
fied. For example, the disclosure may be implemented to
analyze a financial dataset to determine a credit risk category
of a customer. Further, the financial dataset may be analysed
to categorize the customers in one or more categories of
buying behaviors. The financial dataset may include various
types of financial data such as, but not limited to, loan risk
assessment data, insurance data, bank statements, and bank
transaction data.

[0113] FIGS. 4A and 4B illustrate a flow diagram 400 of
method for predicting the health condition of the first human
subject, in accordance with at least one embodiment. The
flow diagram 400 has been described in conjunction with
FIG. 1, FIG. 2, FIG. 3A, and FIG. 3B.

[0114] The processor 202 receives the historical data
including the medical records of the one or more second
human subjects (depicted by 402). In an embodiment, the
processor 202 may retrieve the historical data (depicted by
402) from a database or receive the historical data (depicted
by 402) from the user, as described in step 302. Further, in
an embodiment, the processor 202 may receive a user-input
pertaining to a number of the one or more health conditions
(denoted by G clusters) in the historical data. Thereafter, the
processor 202 may apply the rank transformation on the
historical data (depicted by 402) to obtain the transformed
historical data (depicted by 404), in manner similar to that
disclosed in step 304. Further, the processor 202 determines
the latent variable Z (depicted by 406) based on the inverse
cumulative distribution of the transformed historical data
(depicted by 404), in manner similar to that disclosed in step
306. Thereafter, the processor 202 may estimate the one or
more parameters of the first distribution (i.e., ©=[p . 2 , 7 ],
depicted by 410) using a Gibbs Sampler/EM Algorithm
(depicted by 408 ), in a manner similar to that discussed in
308.

[0115] After estimating the one or more parameters of the
first distribution (depicted by 410), in an embodiment, the
processor 202 may resample the latent variable Z (depicted
by 412), in a manner similar to that described in the steps
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310 through 318. A pseudo-code 414 illustrates the resam-
pling of the latent variable Z in detail. The pseudo-code 414
is represented as under:

[0116] 1. For each physiological parameter j (1 to p):
[0117] 2. For each unique observation in historical data y
(Yj to yn_j):

[0118] 3. Z~Lower bound of Z, for physiological param-
eter j

[0119] 4. Z =Upper bound of Z,, for physiological param-
eter j

[0120] 5. for each i (yij=y):

[0121] 6. Sample random variable R_ from Truncated
Nommal (u,, 0 Z5 Z,): g=1, ... G

[0122] 7.7,~%,_,°n, R

8l
[0123] 8. end for
[0124] 9. end for
[0125] The determination of the lower and the upper

bounds of Z;, (i.e., Z; and Z,, respectively) in lines 3 and 4,
respectively, of the pseudo-code 414 has been explained in
step 310. The determination of the Truncated Normal Dis-
tribution (i.e., the second distribution) for the j* physiologi-
cal parameter has been explained in step 312. Further, the
sampling of the random variable R, from the Truncated
Normal distribution (i.e., line 6 of the pseudo-code 414) has
been explained in step 314. The updating of the latent
variable Z based on the sampled random variable R,; (i.e.,
line 7 of the pseudo-code 414 ) has been explained in step
316.

[0126] After the resampling of the latent variable 7 (de-
picted by 412 and illustrated in detail in the pseudo-code 414
). the processor 202 may check whether a termination
condition for an end of a Gibbs Sampling loop (depicted by
410 through 412) has been reached (depicted by 416). The
checking of the termination condition has been explained
further in the step 320. If the processor 202 determines that
the termination condition of the loop has not been reached,
the processor 202 may continue with another iteration of the
Gibbs Sampling loop (depicted by 410 through 412) with the
updated value of the latent variable sampled at step 412
(depicted by Z*). Thus, the processor 202 may provide the
Gibbs Sampler/EM Algorithm (depicted by 408) with the
updated latent variable Z* and the Gibbs Sampling loop
(depicted by 410 through 412) may be iterated. On the other
hand, if the processor 202 determines that the termination
condition has been reached, the processor 202 may use the
updated latent variable (depicted by Z*) and the final value
of the one or more parameters of the first distribution
(depicted by ©*) to identify the one or more health condi-
tions (i.e., the one or more clusters) in the historical data
402, as explained in step 324. In an embodiment, the
processor 202 may label the one or more health conditions
based on the latent variable value Z*. In an embodiment, the
processor 202 may identify the one or more health condi-
tions in the historical data 402 based on the first distribution
(depicted by 418).

[0127] Thereafter, the processor 202 may train the classi-
fier (depicted by 420) based on the first distribution (de-
picted by 418) and the historical data 402 using one or more
machine learning techniques known in the art, as explained
in the step 326. Further, the processor 202 may receive a
measure of the one or more physiological parameters (such
as, physiological parameters P-1, P-2, P-3, . . . depicted by
422) of the first human subject from the human subject-
computing device 106, as explained in step 328. The pro-



US 2016/0306935 A1l

cessor 202 may use the classifier (depicted by 420) to predict
the health condition (e.g., the health condition HC-1,
depicted by 424) of the first human subject based on the one
or more physiological parameters (depicted by 422) of the
first human subject, as explained in step 330.

[0128] The disclosed embodiments encompass numerous
advantages. The disclosure leads to an effective clustering of
a multivariate dataset using a GCM distribution. For
example, the multivariate dataset may be a healthcare data-
set that includes medical records of one or more human
subjects. By using the GCM distribution, one or more
clusters indicative of one or more health conditions of the
one or more human subjects may be identified. The GCM
distribution, though a very robust statistical method for
clustering data of a numerical data type, may be inefficient
while handling data of a categorical data type. Further, the
GCM distribution may not perform well in case of missing
values in the multivariate dataset. The clustering perfor-
mance of the GCM distribution may deteriorate further
when the multivariate dataset is of a higher dimension (e.g.,
a dimension greater than 15). The disclosure overcomes the
aforementioned shortcomings of the GCM distribution for
clustering the multivariate dataset and determination of
complex dependencies within the multivariate dataset.
[0129] The disclosed methods and systems, as illustrated
in the ongoing description or any of its components, may be
embodied in the form of a computer system. Typical
examples of a computer system include a general-purpose
computer, a programmed microprocessor, a micro-control-
ler, a peripheral integrated circuit element, and other devices
or arrangements of devices that are capable of implementing
the steps that constitute the method of the disclosure.
[0130] The computer system comprises a computer, an
input device, a display unit and the Internet. The computer
further comprises a microprocessor. The microprocessor is
connected to a communication bus. The computer also
includes a memory. The memory may be Random Access
Memory (RAM) or Read Only Memory (ROM). The com-
puter system further comprises a storage device, which may
be a hard-disk drive or a removable storage drive, such as,
a floppy-disk drive, optical-disk drive, and the like. The
storage device may also be a means for loading computer
programs or other instructions into the computer system.
The computer system also includes a communication unit.
The communication unit allows the computer to connect to
other databases and the Internet through an input/output
(/O) interface, allowing the transfer as well as reception of
data from other sources. The communication unit may
include a modem, an Ethernet card, or other similar devices,
which enable the computer system to connect to databases
and networks, such as, LAN, MAN, WAN, and the Internet.
The computer system facilitates input from a user through
input devices accessible to the system through an I/O
interface.

[0131] In order to process input data, the computer system
executes a set of instructions that are stored in one or more
storage elements. The storage elements may also hold data
or other information, as desired. The storage element may be
in the form of an information source or a physical memory
element present in the processing machine.

[0132] The programmable or computer-readable instruc-
tions may include various commands that instruct the pro-
cessing machine to perform specific tasks, such as steps that
constitute the method of the disclosure. The systems and
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methods described can also be implemented using only
software programming or using only hardware or by a
varying combination of the two techniques. The disclosure
is independent of the programming language and the opet-
ating system used in the computers. The instructions for the
disclosure can be written in all programming languages
including, but not limited to, “C,” “C++,” “Visual C++” and
“Visual Basic.” Further, the software may be in the form of
a collection of separate programs, a program module con-
taining a larger program or a portion of a program module,
as discussed in the ongoing description. The software may
also include modular programming in the form of object-
oriented programming. The processing of input data by the
processing machine may be in response to user commands,
the results of previous processing, or from a request made by
another processing machine. The disclosure can also be
implemented in various operating systems and platforms
including, but not limited to, “Unix,” “DOS,” “Android,”
“Symbian,” and “Linux.”

[0133] The programmable instructions can be stored and
transmitted on a computer-readable medium. The disclosure
can also be embodied in a computer program product
comprising a computer-readable medium, or with any prod-
uct capable of implementing the above methods and sys-
tems, or the numerous possible variations thereof.

[0134] Various embodiments of methods and systems for
predicting health condition of a human subject have been
disclosed. However, it should be apparent to those skilled in
the art that modifications in addition to those described, are
possible without departing from the inventive concepts
herein. The embodiments, therefore, are not restrictive,
except in the spirit of the disclosure. Moreover, in interpret-
ing the disclosure, all terms should be understood in the
broadest possible manner consistent with the context. In
particular, the terms “comprises” and “comprising” should
be interpreted as referring to elements, components, or steps,
in a non-exclusive manner, indicating that the referenced
elements, components, or steps may be present, or utilized,
or combined with other elements, components, or steps that
are not expressly referenced.

[0135] A person having ordinary skills in the art will
appreciate that the system, modules, and sub-modules have
been illustrated and explained to serve as examples and
should not be considered limiting in any manner. It will be
further appreciated that the variants of the above disclosed
system elements, or modules and other features and func-
tions, or alternatives thereof, may be combined to create
other different systems or applications.

[0136] Those skilled in the art will appreciate that any of
the aforementioned steps and/or system modules may be
suitably replaced, reordered, or removed, and additional
steps and/or system modules may be inserted, depending on
the needs of a particular application. In addition, the systems
of the aforementioned embodiments may be implemented
using a wide variety of suitable processes and system
modules and is not limited to any particular computer
hardware, software, middleware, firmware, microcode, or
the like.

[0137] The claims can encompass embodiments for hard-
ware, software, or a combination thereof.

[0138] It will be appreciated that variants of the above
disclosed, and other features and functions or alternatives
thereof, may be combined into many other different systems
or applications. Presently unforeseen or unanticipated alter-
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natives, modifications, variations, or improvements therein
may be subsequently made by those skilled in the art, which
are also intended to be encompassed by the following
claims.

What is claimed is:

1. A method for predicting a health condition of a first
human subject, the method comprising:

extracting, by one or more processors, a historical data

comprising a measure of one or more physiological
parameters associated with each of one or more second
human subjects;

determining, by said one or more processors, a latent

variable based on an inverse cumulative distribution of
a transformed historical data, wherein said transformed
historical data is determined by ranking of said histori-
cal data;

estimating, by said one or more processors, one or more

parameters of a first distribution deterministic of one or
more health conditions in said historical data, based on
said latent variable;

for each physiological parameter from said one or more

physiological parameters:

sampling, by said one or more processors, a random

variable from a second distribution of said physiologi-
cal parameter, based on said one or more parameters;
updating, by said one or more processors, said latent
variable based on said random variable;
re-estimating, by said one or more processors, said one or
more parameters based on said updated latent variable;
training, by said one or more processors, a classifier based
on said first distribution;
receiving, by said one or more processors, a measure of
said one or more physiological parameters associated
with said first human subject; and

predicting, by said one or more processors, said health

condition of said first human subject by utilizing said
classifier based on said received measure of said one or
more physiological parameters associated with said
first human subject.

2. The method of claim 1, wherein said one or more
physiological parameters comprise at least one of a blood
glucose level, a blood pressure, an age, a cholesterol level,
a heart rate, a breath carbon-dioxide concentration, or a
breath oxygen concentration.

3. The method of claim 1, wherein said one or more
parameters are estimated by utilizing one of a Gibbs sam-
pling technique or an Expectation-Maximization (EM) tech-
nique.

4. The method of claim 1, wherein said second distribu-
tion is truncated based on a lower bound and an upper bound
of said latent variable for said physiological parameter.

5. The method of claim 1, wherein said first distribution
corresponds to a Gaussian Copula Mixture distribution.

6. The method of claim 1, wherein said one or more
parameters comprise at least one of a mean, a covariance
matrix, and a mixing proportion, of a cluster component
associated with said first distribution.

7. The method of claim 1 further comprising determining,
by said one or more processors, said second distribution of
said physiological parameter for each of said one or more
health conditions.

8. The method of claim 1, wherein said updating of said
latent variable is based on a mixing proportion of each of
said one or more health conditions in said historical data.
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9. The method of claim 1, wherein said ranking of said
historical data corresponds to an extended rank likelihood.

10. The method of claim 1, wherein a data type associated
with said historical data corresponds to at least one of a
numerical data type or a categorical data type.

11. The method of claim 1, wherein said historical data
corresponds to a multivariate dataset from which said one or
more health conditions are identifiable based on said first
distribution.

12. The method of claim 1, wherein each of said one or
more health conditions corresponds to at least one of a
disease risk, a disease symptom, an onset of a disease, a
recovery from a disease, or an effect of medications for a
disease.

13. A system for predicting a health condition of a first
human subject, the system comprising:

one or more processors configured to:

extract a historical data comprising a measure of one or

more physiological parameters associated with each of
one or more second human subjects;

determine a latent variable based on an inverse cumula-

tive distribution of a transformed historical data,
wherein said transformed historical data is determined
by ranking of said historical data;

estimate one or more parameters of a first distribution

deterministic of one or more health conditions in said
historical data, based on said latent variable;

for each physiological parameter from said one or more

physiological parameters:

sample a random variable from a second distribution of

said physiological parameter, based on said one or
more parameters;

update said latent variable based on said random variable;

re-estimate said one or more parameters based on said

updated latent variable;

train a classifier based on said first distribution;

receive a measure of said one or more physiological

parameters associated with said first human subject;
and

predict said health condition of said first human subject by

utilizing said classifier based on said received measure
of said one or more physiological parameters associ-
ated with said first human subject.

14. The system of claim 13, wherein said one or more
parameters are estimated by utilizing one of a Gibbs sam-
pling technique or an Expectation-Maximization (EM) tech-
nique.

15. The system of claim 13, wherein said second distri-
bution is truncated based on a lower bound and an upper
bound of said latent variable for said physiological param-
eter.

16. The system of claim 13, wherein said first distribution
corresponds to a Gaussian Copula Mixture distribution.

17. The system of claim 13, wherein said updating of said
latent variable is based on a mixing proportion of each of
said one or more health conditions in said historical data.

18. The system of claim 13, wherein said ranking of said
historical data corresponds to an extended rank likelihood.

19. A computer program product for use with a computing
device, the computer program product comprising a non-
transitory computer readable medium, wherein the non-
transitory computer readable medium stores a computer
program code for predicting a health condition of a first
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human subject, wherein the computer program code is
executable by one or more processors in the computing
device to:
extract a historical data comprising a measure of one or
more physiological parameters associated with each of
one or more second human subjects;
determine a latent variable based on an inverse cumula-
tive distribution of a transformed historical data,
wherein said transformed historical data is determined
by ranking of said historical data;
estimate one or more parameters of a first distribution
deterministic of one or more health conditions in said
historical data, based on said latent variable;
for each physiological parameter from said one or more
physiological parameters:
sample a random variable from a second distribution of
said physiological parameter, based on said one or
more parameters;
update said latent variable based on said random variable;
re-estimate said one or more parameters based on said
updated latent variable; and
train a classifier based on said first distribution;
receive a measure of said one or more physiological
parameters associated with said first human subject;
and
predict said health condition of said first human subject by
utilizing said classifier based on said received measure
of said one or more physiological parameters associ-
ated with said first human subject.
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