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(57) ABSTRACT

Described herein are methods and systems useful for charac-
terizing clinical outcomes of a subject. Provided herein
includes computer-assessed methods, medical information
systems, and computer-readable instructions that can aid an
end-user in diagnosis, prognosis, and treatment of a clinical
outcome.
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Multivariate Analysis Using Mahalanobis Distance
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Establish the Patient Classes and Probability Space Boundaries
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Establish the Time
Dependent Trajectory in the Geometry of the Response Space
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Establish the Time Dependent Trajectory in the Geometry of the
Response Space
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METHODS AND SYSTEMS FOR ASSESSING
CLINICAL OUTCOMES

CROSS-REFERENCE

[0001] This application claims the benefit of U.S. Provi-
sional Application No. 61/039,721, fled Mar. 26, 2008, which
application is incorporated herein by reference.

BACKGROUND OF THE INVENTION

[0002] Conventional methods for assessing a patient’s
clinical outcome are primarily based on clinicians’ judgment
and past experience. The conventional methods generally
involve laboratory tests, patient surveys and office visits at
isolated time points, all of which are not scalable for a time
series analysis, especially for one that tracks or predicts the
trend of a patient’s clinical outcome in real time. Intrinsic to
the conventional methodologies is the profound drawback
that a relatively small set of information such as a single
clinician’s personal preference is taken into consideration in
reaching a clinical decision. As such, under the existing medi-
cal system, patient care becomes increasingly difficult when
multiple variables are involved. In particular, there lacks a
system and method to effect a multi-dimensional analysis in
which a large set of biomarkers are used to aid in the diagno-
sis, prognosis, and treatment of a clinical outcome or the
design and execution of a clinical trial.

[0003] Multivariate statistics are generally concerned with
determining a statistical distribution of an outcome or a series
of outcomes based on multiple variables. Inherently, most
medical conditions and treatments are multivariate due to the
complexities of the physiology. The discoveries of a vast
number of disease biomarkers and the establishment of min-
iaturized analytic systems have made a new paradigm of
patient care that makes multivariate analysis feasible. A desir-
able new paradigm would provide rapid access to information
characterizing clinical outcome and then automatically link-
ing that information through customized communication
channels so that the desired medical actions (adaptive dose
ranging, clinical decision making and so forth) can be per-
formed. Also desirable is the ability to integrate information
from an individual’s blood tests with other physiologically
relevant factors, and present that information in an actionable
format. The technology described herein satisfies these needs
and provides related advantages as well.

SUMMARY OF THE INVENTION

[0004] The present invention provides a medical informa-
tion system for subject data analysis. In one aspect, a system
of the present invention is particularly useful for advancing
the future of blood testing and data analysis. For example, the
system can be part of an integrated infrastructure built around
real-time, point-of-care consumer blood monitoring devices
which analyze a small blood sample (e.g., 500 ul, 50 ul, 25 ul,
10 ul or even less) and wirelessly transmit that information to
a database which integrates real-time data with stored data
from disparate databases (patient record, genetic/genomic
information, data from pivotal trials) into one central reposi-
tory. The system then allows for the automatic application of
multivariate, multidimensional mathematics to the data
repository to perform specific commands or tasks, e.g., map-
ping real-time PK/PD dynamically in the context of the
pathophysiology of a given medical condition.

Dec. 24, 2009

[0005] 1In another aspect, a system of the present invention
canbeused to improve the label of key drugs through adaptive
clinical studies which generate publications for label expan-
sions for new indications, patient subpopulations, and for
ameliorating safety concerns. The development of such a
system for home, real-time blood monitoring has significant
implications which allow one to collect information which is
otherwise not available through the use of the conventional
laboratory testing.

[0006] The medical information system typically com-
prises (a) an input device for receiving subject data and in
communication with a processor; (b) storage unit in commu-
nication with the processor having a database for: (i) storing
data corresponding to a probability space defined by a set of
discrete clinical outcomes, each of which is characterized by
statistical distribution of at least one biological marker; and
(ii) storing subject data corresponding to the at least one
biological marker; (c) a processor that calculates the position
of said subject data in said probability space as a way of
assessing the probability of a discrete clinical outcome of said
subject; and (d) an output device that transmits information
relating to the discrete clinical outcome of ¢) to an end user.
[0007] Non-limiting clinical outcome that the system is
adapted to predict can be selected from the group consisting
of but not limited to: complete response (CR), partial
response (PR), stable disease (SR), non-response (NR),
adverse drug effect (ADR), and drug toxicity. In using the
medical information system, the end user can be a medical
personnel or the subject himself or herself. In some instances,
the end user is from a pharmaceutical company.

[0008] Inoneaspect,the processor of the system calculates
the position of said subject data in said probability space as a
way of assessing the probability of a discrete clinical outcome
of said subject.

[0009] In another aspect, the input device of the system
comprises a touch screen. Where desired, the input system
can comprise a data entry portal or a keyboard. The subject
data to be input into, processed by, or transmitted as an output
by the system can be textual, numeric or a category. Where
desired, the textual or numeric information is solicited from
the end user.

[0010] In some instances, the subject data represent mea-
surements of the at least one biological marker present in a
bodily fluid. In some instances, the measurements are
obtained by a point-of-care device that is operated by the
subject. The measurements can be taken at various time
points to vield a trajectory within the probability space,
wherein said trajectory represents a time series of the
assessed clinical outcome. The various time points can cover
aperiod of less than or about 24 hours

[0011] In another aspect, the medical information system
comprises an output device having an automatic alert system.
The automatic alert system can be programmable by the end
user. Where desired, the automatic alert system is program-
mable based on a predefined protocol for a clinical trial. In
another aspect, the output device of the system transmits
selected portions of the subject data and the probability space
in response to instructions from the end user. In yet another
aspect, the information transmitted by the output device is
encrypted. In still another aspect, the information transmitted
by the output device represents an assessment of the clinical
outcome of said subject at a single time point. The informa-
tion transmitted by the output device can represent a time
series of the assessed clinical outcome.
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[0012] In still another aspect, the input device and/or the
output device of the system comprises a user interface that
can remotely access the network.

[0013] In yet another aspect, the medical information sys-
tem comprises a network.

[0014] In yet another aspect, the storage unit of the system
stores historical reference data of a plurality of subjects in
relationship to the at least one biological marker. Where
desired, the data stored in the storage unit are selected from
the categories consisting of pathology, anatomy, treatment
option, treatment outcome, pharmacological parameter, phat-
macokinetics parameter, psychological parameter, and
genomic information. The database can be public, internal.
[0015] The end user of the medical information system can
be a health care provider, including without limitation a
Health Maintenance Organization (HMO).

[0016] The present invention further provides a method for
characterizing the probability of a clinical outcome of a sub-
ject. The method comprises the steps of (a) constructing a
probability space defined by a set of discrete clinical out-
comes, each of which is characterized by a statistical distri-
bution of at least one biological marker; (b) obtaining subject
data corresponding to the at least one biological marker; and
(c) calculating the position of said subject data in said prob-
ability space, thereby characterizing the probability of the
clinical outcome of said subject.

[0017] Also provided is a method of characterizing a clini-
cal outcome of a subject comprising: (a) constructing a prob-
ability space within a server, wherein the probability space is
defined by a set of discrete clinical outcomes, each of which
is characterized by the statistical distribution of at the least
one biological marker; (b) entering data of a subject into the
server, said data corresponding to the at least one biological
marker; and (¢) calculating the position of said subject data in
said probability space thereby characterizing the clinical out-
come of the subject. In some embodiments, in practicing the
subject methods, at least steps b and ¢ are repeated at various
time points to yield a trajectory within a probability space,
wherein said trajectory is indicative of the likelihood of pro-
gression to the clinical outcome. The subject methods can
comprise the step of notifying a medical personnel or the
subject of a need for taking a medical action upon assessing or
characterizing the position of said subject data in said prob-
ability space. In some instances, the medical action involves
at least one action selected from the group consisting of
altering a dosage of an existing therapeutic agent adminis-
tered to said subject, administering a different a therapeutic
agent, and administering a different combination of therapeu-
tic agents. Notification of a medical action can be electroni-
cally transmitted, e.g., wirelessly transmitted. The subject
methods can further comprise step of, upon selection of the at
least one action, performing an outcome analysis for assess-
ing a result of said selected action, and automatically updat-
ing the probability of a discrete clinical outcome of said
subject.

[0018] Further provided in the present invention is a com-
puter readable medium comprising computer readable
instructions, which when executed cause a processor to: a)
provide a probability space defined by a set ofdiscrete clinical
outcomes, each of which is characterized by a statistical
distribution of at least one biological marker; b) obtain sub-
ject data corresponding to the at least one biological marker;
and c) calculate the position of said subject data in said
probability space to assess the probability of a clinical out-
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come of said subject. In general, the instructions operate in a
software runtime environment. In one aspect, the instructions
when executed further causes a processor to provide a user
defined alert condition based on an assessment of trajectory
parameters of the subject data in the probability space,
wherein said trajectory parameters are at least one of speed,
acceleration, direction, and position.

[0019] Inan aspect, amethod is provided herein of predict-
ing the occurrence of a medical condition that requires medi-
cal intervention, the method comprising: (a) measuring con-
centrations of a first set of biomarkers present ina subject and
measuring one or more physiological indicators of said sub-
ject at a given frequency, wherein the first set of biomarkers
are suspected to be predictive of the medical condition; (b)
based on the concentrations measure in (a), generating from
the first set a subset of biomarkers that are more correlative
with the occurrence of the medical condition and/or a new
frequency of measurement of the biomarkers; and (¢) mea-
suring concentrations of the subset of (b) and/or following the
new frequency of measurement of one or more biomarkers,
thereby predicting the occurrence of the medical condition.

[0020] In some instances, a method further comprises ana-
lyzing data reflecting the concentrations and/or the physi-
ological indicators with multivariate statistical software. In
some instances, the biological markers are present in a bio-
logical sample of said subject. The biological sample can be
diluted by an appropriate fold to ensure, e.g. the appropriate
range of concentration level is detected.

[0021] In another aspect herein, a method of monitoring
sepsis development of a subject comprises: measuring at least
two parameters selected from the group of (1) body tempera-
ture of said subject, (2) protein C concentration of said sub-
ject, (3) interleukin 6 (IL-6) concentration of said subject,
multiple times to yield a trend of temperature, protein C trend,
and/or IL-6; and wherein an increase beyond normal body
temperature, a decrease in protein C concentration and/or an
increase in IL-6 concentration is indicative of the develop-
ment of sepsis in said subject. In some aspects, a decrease in
protein C and an increase of IL-6 can be indicative of the
development of sepsis in said subject. In some other aspects,
adecrease in protein C and anincrease of IL-6 and an increase
beyond normal body temperature can be indicative of the
development of sepsis in said subject. In some instances, an at
least about 10-fold increase in IL-6 concentration in said
subject is indicative of the occurrence of sepsis in said sub-
ject. In a further instance, an at least about 100-fold increase
in IL-6 concentration in said subject is indicative of the occur-
rence of sepsis in said subject. This method may further
comprise the step of increasing frequency of measuring IL-6
concentration upon an increase beyond normal body tem-
perature and/or a decrease in protein C concentration. For
example, the frequency of IL-6 measurement can be
increased to once a day, once every 12, 8, 6, or 4 hours. A
determination of the occurrence of sepsis may be promptly
followed by an appropriate medical intervention.

[0022] Also described herein is a method for characterizing
amedical condition of a subject, comprising: obtaining a first
set of subject data comprising at least one biological marker
and at least one physiological parameter from the subject;
determining the probability of a medical condition of the
subject using the first set of subject data obtained,; selecting a
second set of subject data from the probability of the medical
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condition; and obtaining the second set of subject data from
the subject, thereby characterizing the medical condition of
the subject.

[0023] 1In yet another aspect, a method is disclosed for
characterizing periodicity of a clinical condition of a subject,
the method comprises: identifying a set of biomarkers for a
clinically relevant condition; obtaining longitudinal subject
data corresponding to at least one biomarker in said set to
obtain a trend of the subject data; analyzing said trend to
identify periodic changes in the at least one biomarker; mea-
suring values of peak measurements of the periodic changes
of the trend; and characterizing the values of the peaks
thereby characterizing the periodicity of the clinically rel-
evant condition. In some instances, the analyzing step com-
prises developing an ARIMA model to determine a differenc-
ing lag in the underlying model. The differencing lag can be
used to de-trend the trend and establish a stationary trend. In
some instances, the analyzing step comprises calculating an
autocorrelation function and the measuring step comprises
identifying the statistically significant peaks in the autocor-
relation function. In some instances, the analyzing step com-
prises calculating spectral density and the calculating spectral
density is performed using a Fast Fourier Transform. The
measuring step can comprise identifying the power spectrum
of the maximum spectral density frequency.

[0024] In an aspect described herein, a method for moni-
toring subject response to therapy comprises: obtaining lon-
gitudinal subject data corresponding to at least one biomarker
in a set of biomarkers for a clinically relevant condition to
obtain a trend of the subject data, wherein the subject data is
obtained from a subject receiving a therapy; monitoring peri-
odicity of the trend; and corresponding the periodicity to a
response to the therapy received by the subject. In some
instances, the therapy is a periodic dosing regimen. In some
instances, the response to the therapy is characterized by a
time-dependent behavior of peak levels of the trend. In some
instances, the time-dependent behavior is substantially con-
stant. In other instances, the time-dependent behavior is
changing linearly. In yet other instances, the time-dependent
behavior is changing exponentially.

[0025] In an aspect, a method is disclosed herein for char-
acterizing the emergence of clinically relevant subpopula-
tions of patients exposed to a therapeutic agent, the method
comprising: identifying a set of biomarkers in a blood sample
that act as surrogate markers for the therapeutic agent; mea-
suring the set of hiomarkers longitudinally from a group of
patients exposed to the therapeutic agent; identifying distinct
clusters in a multivariate clustering space of the measured
values of the set of biomarkers from the group of patients;
determining the rate of separation of the distinct clusters and
measuring the distance between the distinct clusters in a
statistical manner; obtaining patient information from the
group of patients to classify the patients in clinically relevant
subpopulations; and comparing the distinct clusters to the
clinically relevant subpopulations to characterize sensitivity
and specificity of the distinct clusters to predict the clinically
relevant subpopulations. In some instances, the method fur-
ther comprises identifying a second set of biomarkers config-
ured to improve the characterization of the emergence of
distinct clusters to predict the clinically relevant subpopula-
tions. In some instances, the group of patients exposed to the
therapeutic agent are participants in a clinical trial. In some
instances, the clinical trial is a dose ranging trial. In other
instances, theclinical trial is a part of an adaptive clinical trial.
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The adaptive clinical trial can be designed to characterize an
optimal dosing regimen or can be designed to characterize an
optimal responder population. In some instances, the measur-
ing the distance step comprises measuring the Mahalanobis
distance between the distinct cluster centroids. In other
instances, the measuring the distance step comprises measur-
ing the nearest-neighbors distance between the distinct clus-
ters. In yet other instances, the measuring the distance step
comprises measuring a Euclidean distance measure between
the distinct clusters. In some instances, the measuring the
distance step measuring a Manhattan distance measure
between the distinct cluster.

INCORPORATION BY REFERENCE

[0026] All publications and patent applications mentioned
in this specification are herein incorporated by reference to
the same extent as if each individual publication or patent
application was specifically and individually indicated to be
incorporated by reference.

BRIEF DESCRIPTION OF THE DRAWINGS

[0027] Many features of the invention are set forth with
particularity in the appended claims. A better understanding
of the features and advantages of the invention will be
obtained by reference to the following detailed description
that sets forth illustrative embodiments, in which many prin-
ciples of the invention are utilized, and the accompanying
drawings of which:

[0028] FIG. 1 illustrates a general representation of the
Mahalanobis distance method and the representative ellipses.
The figure also includes the Mahalanobis distance math-
ematical equation.

[0029] FIG. 2 illustrates an example of the results of a
cluster analysis of a clinical outcome.

[0030] FIG. 3 is a flow chart illustrating an exemplary
method of assessing a clinical outcome of a subject and
assigning probabilities thereto.

[0031] FIG. 4 illustrates an example probability space geo-
metrical representation.

[0032] FIG. 5 illustrates a trajectory of data of a subject in
a probability space.

[0033] FIG. 6 is a flow chart illustrating an exemplary
method of alerting a user to assess a clinical outcome of a
subject.

[0034] FIG. 7 demonstrates a method of establishing rules
for a probability space of clinical outcomes.

[0035] FIG. 8 illustrates a graphical presentation of rules
for a probability space.

[0036] FIG. 9 is a flow chart illustrating an exemplary
method of implementing a mathematical model to assess a
clinical outcome.

[0037] FIG. 10 is a flow chart illustrating an exemplary
system comprising a server for communicating and process-
ing medical data.

[0038] FIG. 11 illustrates an exemplary embodiment of a
system of the invention with real-time acquisition of subject
data and the transmittal of the information in real-time to a
server or system that is capable of converting the information
or data to a physiologically relevant context.

[0039] FIG. 12 demonstrates an exemplary system of the
invention, wherein a health care operating system comprises
data infrastructure, models and algorithms, and software
applications.



US 2009/0318775 Al

[0040] FIG. 13 demonstrates an exemplary database com-
prising an ontology of biomarkers that are related some types
of medical conditions.

[0041] FIG. 14 illustrates the an exemplary hierarchy of a
healthcare operating system of the invention wherein the
central operating system has access to a data infrastructure
and monitoring devices for obtaining subject data.

[0042] FIG. 15 demonstrates an exemplary system of the
invention wherein an analysis database can receive informa-
tion from a database containing data from a reader or car-
tridge database, historical databases, a patient database that
can contain data entered by a patient, and a customer data-
base.

[0043] FIG. 16 illustrates exemplary trajectories of two
subjects in a probability space representing prostate cancer
discrete clinical outcomes.

[0044] FIG. 17 illustrates exemplary trajectories of two
subjects in a probability space representing clinical outcomes
of a subject developing sepsis.

[0045] FIG. 18 illustrates exemplary trajectories of two
subjects in a probability space representing the medical con-
dition of diabetic subject using an insulin sensitizer.

[0046] FIG. 19 illustrates a method of graphically repre-
senting a trajectory of subject data in a probability space in
two dimensions.

[0047] FIG. 20 illustrates a method of graphically repre-
senting a trajectory of subject data in a probability space in
two dimensions and the position of the data for defining
discrete clinical outcomes.

[0048] FIG. 21 demonstrates a dynamic subpopulation
emergence based on cluster analysis of a Monte Carlo simu-
lation of a two-cohort clinical design.

[0049] FIG. 22 demonstrates plots of the cluster calling
statistics versus the hypothetical number of clusters.

[0050] FIG. 23 illustrates markers of clinical effect with the
segregation of the marker space as a function of dose at the
end point of a clinical study.

[0051] FIG. 24 demonstrates patient data showing the sea-
sonality of two type 1 biomarkers over time.

[0052] FIG. 25 demonstrates a time series of a biomarker
value versus the time of chemotherapy delivery.

[0053] FIG. 26 demonstrates the relationship between
parameters computed from circulating pyrogen levels mea-
sured over time and/or and the time-to-spike.

[0054] FIG. 27 is the IL-1 beta concentration versus time
point number.
[0055] FIG. 28 is the sample-to-sample fold change for

IL1-beta versus time point number.

[0056] FIG. 29 is the IL-6 concentration versus time point
number, wherein patient 4 became septic.

[0057] FIG. 30 is the sample-to-sample fold change for
IL-6 versus time point number, wherein patient 4 became
septic.

[0058] FIG. 31 is the TNF-alpha concentration versus time
point number.
[0059] FIG. 32 is the sample-to-sample fold change for

TNF-alpha versus time point number.

[0060] FIG. 33 illustrates the residual plot for Patient 5 who
has a fever spike and no decreasing markers.

[0061] FIG. 34 demonstrates Patient 4 data points showing
decreasing Protein-C with increasing IT-6 just prior to fever
spike.

[0062] FIG. 35 is a schematic of the Th1-to-Th2 switch and
the cytokines representing each phenotype.
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[0063] FIG. 36 and FIG. 37 demonstrate that the system
uses an equation that is anticipative of sepsis using the
Squared Maholanobis distance equation and Bayesian Prob-
ability.

[0064] FIG. 38 illustrates a graph in time of a plurality of
marker proteins for a patient in a sepsis trial.

[0065] FIG. 39 illustrates a bivariate time course of two
particular markers (protein C and C-reactive protein) in the
same patient.

DETAILED DESCRIPTION OF THE INVENTION

[0066] Inoneembodiment, a method is provided herein for
characterizing the probability of a clinical outcome of a sub-
ject. The method comprises the steps of (a) constructing a
probability space defined by a set of discrete clinical out-
comes, each of which is characterized by a statistical distri-
bution of at least one biological marker; (b) obtaining subject
data corresponding to the at least one biological marker; and
(c) calculating the position of said subject data in said prob-
ability space, thereby characterizing the probability of the
clinical outcome of said subject.

[0067] In practicing the methods herein, one generally uti-
lizes a set of biological markers (also referred to herein as
biomarkers) relevant to a given clinical outcome. In order to
improve the reliability and accuracy of a mathematical cal-
culation, biomarkers are selected based upon multivariate
statistics from data pertaining to a clinical outcome, whether
it being, for example, a disease or a medical procedure. In
some embodiments, discriminant analysis is performed to
determine the most relevant biomarkers pertaining to a par-
ticular medical clinical outcome.

[0068] Inan aspect, amethod is provided herein of predict-
ing the occurrence of a medical condition that requires medi-
cal intervention, the method comprising: (a) measuring con-
centrations of a first set of biomarkers present in a subject and
measuring one or more physiological indicators of said sub-
ject at a given frequency, wherein the first set of biomarkers
are suspected to be predictive of the medical condition; (b)
based on the concentrations measure in (a), generating from
the first set a subset of biomarkers that are more correlative
with the occurrence of the medical condition and/or a new
frequency of measurement of the biomarkers; and (¢) mea-
suring concentrations of the subset of (b) and/or following the
new frequency of measurement of one or more biomarkers,
thereby predicting the occurrence of the medical condition.
[0069] Pluralities of discrete clinical outcomes, sometimes
referred to as medical outcomes, for a specific medical con-
dition are plotted in a geometrical manner. A set of values of
the biomarkers are chosen that are the most representative of
each clinical outcome. Using the mathematical methods
described herein, probabilities of class assignment to each
discrete clinical outcome can be assigned to any set of values
of observed biomarkers. A probability space can then be
constructed by plotting the probability of any set of values of
observed biological markers within the geometric space
defined by the plurality of discrete clinical outcomes.

[0070] Model Building

[0071] In some instances, mathematical modeling
describes the dynamic state of a system. In some instances,
the models use a system of equations representing outcome
parameters, biomarker and drug concentrations and the like
over time. Such equations might be simple enough to solve in
closed form, yielding an algorithmic formula. However, in
some instances, models of human disease can be too complex
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to permit a simple closed form solution. In some instances, a
solution as described herein can be projecting numerical solu-
tions forward in time, also known as termed predictive bio-
simulation.

[0072] The objective of cluster analysis is to group obser-
vations into clusters such that each cluster is as homogeneous
as possible with respect to the clustering variables. Any con-
ventional clustering algorithm may be used to define the
discrete set of clinical outcomes based upon the recognized
biomarkers. Besides the Discriminant Function Analysis,
there are many such algorithms, such as “Single Linkage,”
“Complete Linkage,” “K means,” “Ward’s Method,” or the
“Centroid Method.” Additionally, one can identify clusters
using “Decision Trees”. These algorithms are well-known to
anyone familiar with the art, and are available in standard
statistical packages such as SAS and SPSS. The clustering
algorithms group like objects together, and keep unlike
objects in separate groups.

[0073] Multivariate statistics to identify classes of similar
subjects in a sample population can also be applied for build-
ing an appropriate model. The techniques currently employed
include, but are not limited to, Discriminant Function Analy-
sis (DFA), Hierarchical Clustering Analysis, Factor Analysis
(in which an underlying model or relationship is assumed),
Self-Organizing Maps (SOMs), Support Vector Machines
(SVMs), and Neural Nets. Each is a pattern recognition tech-
nology using multivariate descriptor vectors, which subjects
are classmates, to more completely manage an adaptive clini-
cal trial.

[0074] Other techniques estimating the model parameter
space include several conventional methods, such as the
graphical method and gradient-based nonlinear optimization
(Mendes and Kell, 1998). The graphical method is typically
applied to those problems that can be converted to linear
regression problems, and are generally not amenable to
closed-loop learning as they require human intervention at
each step. The gradient-based nonlinear optimization method
does not have such a restriction; however it does require
information about the error function with respect to the
parameter estimates. As such it often converges to local
minima. Bvolutionary algorithms including genetic algo-
rithms, evolutionary programming, genetic programming,
and their variants (Back et al., 1997, McKay et al., 1997,
Edwards et al., 1998) have been applied to overcome these
limitations.

[0075] In some instances, to best account for the dynamics
of a biological system, the equation systems discussed above
can be composed of ordinary differential equations which
calculate the rate of change of a biological entity over a fixed
time segment. That quantification is a function of the state of
the system at the instant of analysis, and includes terms for all
other entities in the system that might affect that rate of
change.

[0076] In many instances, as described herein, biological
entities of interest are found in blood comprising but not
limited to circulating proteins. In the modeling space, the
time rate of change of each biological entity is called the
derivative and is quantified as the instantaneous slope of the
biological entity’s concentration curve in the time domain.

[0077] The value of any selected target biological entity at
each selected sampling time point can be calculated as well as
the rate of change for every entity in the sampling space. This
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can result in a point estimate per biological entity for the
derivative in units comprising but not limited to a change in
concentration per unit time.

[0078] In some instances, a method can utilize two point
slopes along with a K-point model fitting regression equa-
tions through the last K observations, to estimate the first,
second, and higher order derivatives, for example:

dP(t)/dr=f(P(1), {other proteins, cells types, etc.},
model parameters)

where P(t) is the concentration of a given protein as a function
of time. And where fis function of P(t) and entities affecting
specific protein concentration curves, comprising second sig-
nals, cell numbers, and the like. And where model parameters
are coefficients in those equations that quantify those rela-
tionships, for example comprising production rates and clear-
ance rates. The system can be linear or non-linear.

[0079] An alternate embodiment of the mechanism is a
system of entities where P(1) is a protein vector II(t)=[P,(t),
P,(1), ... P ()] where N is the number of proteins chosen to
sample, and f(P, etc.) becomes a matrix M(II(t); f(II)(t)). The
system parameters become a vector as f(II(1)).

[0080] For example, clearance rates of each P,(t) in the
vector 11(t) are captured in this vector form. p(1I(t)) charac-
terizes the functional coefficients ofthe matrix M. The system
is linear when p does not depend on II(t) or on time. The
system is linear and parametrically time-dependent when {3
depends on t, and varies linearly with time.

[0081] In another example, the system is nonlinear when
the clearance rate changes with time and can represent the
up-regulation or down-regulation in time. The system is rep-
resented but is not limited by the vector equation:

ALY d=MAI); PAID Y1)

[0082] In yet another example, the dynamic state of bio-
logical systems has a level of specificity which is captured in
an exemplary biosimulation system. Every entity in the sys-
tem will typically act on a small subset of other entities. For
example, protein 2 modifies the rate of production of protein
1 by binding to a cell surface receptor on an activated effector
cell. The concentration of protein 2 modifies the rate of pro-
duction of protein 1. When a third protein acts on the produc-
tion of protein 2 the rate of production of protein 1 depends
indirectly on the level of production of protein 2.

[0083] Theequations that best represent the above example
in this biosimulation system are:

dP\/di=B,5P5(1)
AP /dr=-P,P(0)+B3P5(2)

dPy/dr=0

[0084] In these exemplary equations, the concentration of
Protein 3 is constant and the rate of Protein 1 production is an
increasing function of the Protein 2 levels, factored by f§,,>0.
In addition, the levels of Protein 2 are a fun Protein 2 is cleared
from the system, in this case, proportionally by a factor ,,>0,
and the effects of f5(t) on its production, described by a factor
[,5>0 and is parameterized by the vector (B, 22, P23)- Aty
triplet vector can be used in the general case to generate any
family of trajectories in time for Proteins 1 and 2. Protein 3 is
non-varying in this model since its derivative remains zero.

[0085] By measuring Proteins 1 and 3 at each time point in
amonitoring period, values for P, (t), and P,(t), and estimates
for dP,/dt and dP,/dt are obtained. P,(t) can then be solved
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and constrain the solution set to a parameter vector (f*,,,
B*55, B*53), which is defined by well defined algebraic equa-
tions. Estimates of both P,(t) and dP,/dt derive the state of the
constrained system based on point estimates as derived from
the samples. This allows for projecting forward in time where
amodel trajectory will likely be at the next sample point, and
re-adjustment of the model parameters as necessary in a
dynamic feedback self-correcting system.

[0086] The self-correcting mechanism and feedback sys-
tem can be implemented in a periodically sampled measure-
ment space, and that model refinement and re-parameteriza-
tion can take place at each sample interval. After each
application of this self-correcting methodology, the space of
acceptable parameter vectors should begin to converge to a
patient specific vector that projects forward in a predictive
trajectory.

[0087] A system that dynamically characterizes patient
subpopulations based on the longitudinal sampling of predic-
tive protein profiles can use that information as a Type 1
biomarker to verify to the researcher scientist that the com-
pound is acting on the target as expected. The mechanism of
action for that compound can also be researched for whether
it is acting as expected. Characterization of the dynamic
emergence of the subpopulations is based upon their behav-
iors and the protein profiles they exhibit.

[0088] Inanexample, onepopulation is treated with the test
compound while another is an untreated control. If the protein
profiles of the treated population behave in accordance with
the underlying hypothesis as it pertains to the compound’s
mechanism of action, the protein profiles will, as a conglom-
erate pattern, act as a Type 1 biomarker. If individuals within
that population show considerable variance in both the direc-
tion and velocity of the protein profile, adjustment of the
doses of the slower population members can occur and the
trial protocol can be changed accordingly.

[0089] A variety of statistical analyses are applicable for
building a probability space or model. FIG. 1 illustrates an
exemplary characterization of similarity as measured by the
Mahalanobis distance in a two-dimensional (multivariate)
space. The outcome of a discriminant function analysis is
typically a Mahalanobis distance for every subject in the
analysis data set. The methods of performing the discriminant
analysis in this manner or similar manners are known to those
skilled in the art. In this example, the data from two indepen-
dent variables (for example, biomarkers) are plotted against
each other. Each patient in the analysis set is represented by a
single point on the graph. The distance between each patient’s
biomarker pair pattern and the centroid of the cluster of data
is calculated as the Mahalanobis distance and is represented
by the ellipses in the FIG. 1, wherein the centroid can be
typically defined as the mean sector of all independent mea-
sures in the space of interest. The probability that any par-
ticular patient belongs to a cluster depicted herein is inversely
proportional to the distance from the centroid of the cluster. In
this way the Mahalanobis distance ellipse on the plot in FIG.
1 is used as a measure of similarity between the two sets of
independent variables. This method also accounts for noise in
the appropriate distance metric by assigning probabilities of
class assignment for a particular patient based on the variance
observed in the underlying clustered data. Thus this method
can account for uncertainty in the probability space.

[0090] In conventional clustering, one typically works
from a distance matrix, which lists the similarity of every
object to be clustered versus every other object. The process
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begins with the creation of the distance matrix as known to
one skilled in the art. A triangular matrix of distances among
all pairs of patients must be computed. Each of the distances
between subject data will be a function of the measured
biomarkers. The function would take the form of a sum or
weighted sum. The distances for a given variable are, in turn,
a sum of distances between individual observations for that
variable. This sum also may be weighted. For example, each
cluster of subjects potentially represents a discrete clinical
outcome.

[0091] Thedistance matrix metric can include calculating a
statistical difference, such as the Mahalanobis distance,
Euclidean distance, and Manhattan distance. The matrix rep-
resents, in a statistically rigorous way, the similarity of two
multivariate patterns in a multidimensional space. Based on
these distances, individuals are grouped together in a cluster.

[0092] FIG. 2illustrates an exemplary clustering method of
defining the discrete clinical outcomes. In this example, the
centroid method was used to determine multiple centroids of
biomarker data patterns. Each centroid either defines or
belongs to a different set of discrete clinical outcomes based
upon measured biomarker information. In FIG. 2, examples
of the classification of biomarker patterns of a medical con-
dition include a partial responder class, a non-responder
class, a complete responder class, and an adverse drug reac-
tion class. Every data point is related to a centroid of the class
it falls within. The centroid can be set to be the point most
representative of the class.

[0093] After the distance matrix has been constructed and
discrete clinical outcomes have been defined by a set of
biomarkers, a probability space can be constructed from mul-
tivariate distributions (for example, clusters) by applying a
metric that accounts for the variance-covariance structure of
the data. Based upon the measured distance, a probability for
class assignment for any observed biomarker pattern is cal-
culated. The calculated probability for any obtained biomar-
ker pattern defines the probability space.

[0094] Where desired, a probability measurement is carried
out by way of a Bayesian calculation. Other methods of
calculating the probability for class assignment include, but
are not limited to, Nelson-Aalen estimation, the ordinary least
squares estimation, the weighted least squares estimation,
and the maximum likelihood estimation. Another method is
to use a decision tree analysis and from the measure deter-
mine the ultimate sensitivity and specificity of the derived
rule.

[0095] FIG. 3 illustrates an exemplary method of the inven-
tion of building a mathematical model for assessing a medical
condition. Based upon prior history of a medical condition, a
user (for example, a physician) identifies the relevant clinical
outcomes or outcomes. The physiology, a compound or
drug’s method of action, and/or off target treatment effects are
then utilized to help define the borders of a probability space.

[0096] A graphical example of the probability space and
the discrete clinical outcomes that define the borders of the
probability space are illustrated in FIG. 4. Each number rep-
resents a different clinical outcome.

[0097] Biomarkers that are most relevant to the clinical
outcomes of a given medical condition are identified using
multivariate discriminant analysis. Data from the set of biom-
arkers are classified according to the discrete clinical out-
come to which the independent data is most closely corre-
lated.



US 2009/0318775 Al

[0098] After the data sets are classified by cluster analysis
and/or discriminant function analysis and identified as clini-
cal outcomes, the centroid location of a clinical outcome is
determined. For each reference point or independent biomar-
ker data point, a probability of classification into each refer-
ence clinical outcome is assessed.

[0099] When data from an individual subject is obtained
corresponding to at least one biomarker, the data is input into
the mathematical model and its geometrical position within
the probability space is determined. A distance metric is then
used to determine the position of the subject data with refer-
ence to each clinical outcome. In a preferred embodiment, the
distance metric is the Mahalanobis distance. For the subject
data, the model obtains a distance metric corresponding to
each discrete clinical outcome.

[0100] A statistical estimation method is used to convert the
plurality of distance metrics into a plurality of probabilities
for the subject data. Each probability of the plurality of prob-
abilities corresponds to a discrete clinical outcome. In an
embodiment, the statistical estimation is a Bayesian estima-
tion. The plurality of probabilities is used as the coordinates
of the subject data in the geometric probability space, such as
the one illustrated in FIG. 4. The position of the subject data
within the probability space is an assessment of the medical
condition of the subject.

[0101] Rules can be assigned by the user (for example,
medical personnel) to any point in the probability space. The
rules may guide the user in understanding the subject’s cur-
rent medical condition and guide the user in selecting a course
of action.

[0102] The methods described herein can be performed at
any point in time during observation of the subject. Subject
data can be obtained at various time points. The position of
the subject data in the probability space can then be calculated
using the mathematical methods described herein. The steps
of obtaining and calculating the position of subject data in a
probability space can be repeated to yield a trajectory within
a probability space, wherein said trajectory is indicative of a
time series of the assessed clinical outcomes.

[0103] Trajectory

[0104] Asamedical condition progresses, a subject is typi-
cally monitored by medical personnel. Monitoring can be
preformed by running a series of tests. As testing methods and
devices, such as point-of-care microfluidic devices, become
more reliable and accessible, data from the patient can be
acquired and processed at multiple time points. The sequen-
tial structure of obtained data is often a time series or a set of
longitudinal data, but may also be data that reflects changes
that occur sequentially with no specific reference to time. The
system does not require that the time or sequence values are
equally spaced. In fact, the time parameter can be a random
variable itself.

[0105] In some embodiments, the time series of obtaining
subject data is at least 6, 24, 48, 72, or 96 hours. In other
embodiments, the time series can be atleast 7,30, 60, 90, 180,
or more days. The time series can also be over a series of
years.

[0106] The longitudinal data provides valuable insight into
the progression of a medical condition or treatment. However,
as the number of tested items increases, the complexity of
analyzing the longitudinal data increases. It can become very
difficult to understand or determine relevant data about a
medical condition or treatment.
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[0107] Thelongitudinal data acquired from a subject can be
grouped into a vector or a trajectory to assess a medical
condition. A vector is defined geometrically as an arrow
where the tail is the initial point and the head is the terminal
point. A vector’s components can relate to a geographical
coordinate system, such as longitude and latitude. Naviga-
tion, by way of specific example, uses vectors extensively to
locate objects and to determine the direction of movement of
aircraft and watercraft.

[0108] Physics and engineering fields are probably the
most common users of vector analysis and have stimulated
much of the mathematical research. In the field of mechanics,
vector analysis objects include equations of motion including
location, velocity, direction, and acceleration; center of grav-
ity; moments of inertia; forces such as friction, stress, and
stain; electromagnetic and gravitational fields.

[0109] Velocity, the time rate of change in position, is the
combination of speed (vector length) and bearing (vector
direction). Acceleration is another common vector quantity,
which is the time rate of change of the velocity. Both velocity
and acceleration are obtained through vector analysis, which
is the mathematical determination of a vector’s properties
and/or behaviors.

[0110] Vector analysis of longitudinal subject data pertain-
ing to a medical condition can be used to understand the
medical condition and statistically determine a discrete clini-
cal outcome.

[0111] Forexample, the normal condition for the individual
canbe observed by plotting biomarker data for the individual.
The stable, normal condition will be a located in one portion
of the graph.

[0112] Theindividual’s normal condition may be disturbed
by the administration of a pharmaceutical or a change in
medical condition. Under the effect of the administered phar-
maceutical, the individual’s normal condition will become
unstable and move from its original position in the graph to a
new position in the graph. When the administration of a
pharmaceutical is stopped, or the effect of the pharmaceutical
ends, the individual’s normal condition may be disturbed
again, which would lead to another move of the normal con-
dition in the graph. When the administration of a pharmaceu-
tical is stopped, or the effect of the pharmaceutical ends, the
individual’s normal condition may return to its original posi-
tion in the graph before the pharmaceutical was administered
or to a new or tertiary position that is different from both the
primary pre-pharmaceutical position and the secondary phar-
maceutical-resultant position.

[0113] In some instances, biomarker values can change
very rapidly, such that standard sampling (for example, a lab
test) may miss large changes in the values. In an example,
sepsis can occur very quickly when a patient is using a phar-
maceutical or is a member of a pharmaceutical clinical trial.
Many times, early clues as to the medical condition of the
patient are not seen because current testing procedures do not
occur rapidly enough. Also current testing procedures are
inflexible within a short period of time, so if a patient needs to
be tested for a different biomarker value or physiological
parameter within a short period of times (for example, 4
hours), it is often not possible to receive test results.

[0114] Large changes in biomarker values can occur such
that conventional lab methods which use only one sample
dilution level cannot measure the analyte due to the range of
the device. Often, more sophisticated lab methods that use
multiple dilution ranges that extend a range can also be over-
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whelmed by a massive change (for example, greater than
1000-fold) in a biomarker value. If a dilution is repeated to
obtain the proper range, in many instances 24 hours may have
elapsed before the results of the assays are obtained. As
described, a system or method herein can report results in
near real-time fashion, therefore medical personnel has the
ability to change the course of medical action as necessary
from the biomarker values obtained. For example, when an
increase of an analyte between assay increases by 100-fold,
200-fold, 500-fold, 1000-fold, 10,000-fold, or even more, it
can increase the dilution level used for the next sample (for
example, 100, 200, 500, 1000, 10,000-fold or higher) in addi-
tionto changing the frequency of measurement of'the analyte.
[0115] In an aspect herein, a method of monitoring sepsis
development of a subject comprises: measuring at least two
parameters selected from the group of (1) body temperature
of said subject, (2) protein C concentration of said subject, (3)
interleukin 6 (IL-6) concentration of said subject, multiple
times to yield a trend of temperature, protein C trend, and/or
1L-6; and wherein an increase beyond normal body tempera-
ture, a decrease in protein C concentration and/or an increase
in IL-6 concentration is indicative of the development of
sepsis in said subject. A decrease in protein C followed by an
increase of IL.-6 can be indicative of the development of
sepsis in said subject. A decrease in protein C followed by an
increase of 1L.-6 and an increase beyond normal body tem-
perature can be indicative of the development of sepsis in said
subject. In some instances, an at least about 10-fold, 100-fold,
200-fold, 500-fold, 1000-fold, 10,000-fold, 500,000-fold or
more increase in IL-6 concentration in said subject is indica-
tive of the development of sepsis in said subject. In a further
instance, an at least about 10-fold, 100-fold, 200-fold, 500-
fold, 1000-fold, or more decrease in protein C concentration
in said subject is indicative of the development of sepsis in
said subject.

[0116] In an example, when no significant event is occur-
ring in a patient following chemotherapy at home, the mea-
surement frequency of an analyte can be reduced. In some
instances, the system can prompt appropriate action by a user
based on prior results.

[0117] In some instances, the methods and systems
described herein allow for the monitoring of the health status
or medical condition of a subject throughout a time frame as
small as a few days. For example, the evolution and patho-
physiology of the disease process, the response to therapy,
and the possible onset of untoward side effects upon exposure
to a drug can be monitored by longitudinally sampling blood.
From these samples a profile of key circulating biomarkers
can be established. Specific biomarkers can be selected based
on, for example without limitation: knowledge of the disease
process and its molecular pathophysiology, the mechanism of
action of a given compound, and its observed effects profiles.
[0118] Representation of a similar movement of longitudi-
nal data to that previously described is illustrated in FIG. 5. At
each time point (T=0 to T=9), the data point is plotted in a
probability space. The line traveled from one point to the next
is a vector.

[0119] Diagnosis of the individual may be aided by study-
ing several aspects of the movement of the individual’s medi-
cal condition in a probability space. The direction (for
example, the angle and/or orientation) of the path followed by
the medical condition as it moves in the graph can aid in the
diagnosis, prognosis and treatment decision-making for a
given clinical outcome. The speed and acceleration of the
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movement of the medical condition in the graph may also be
diagnostic. Also, the position of the individual’s medical con-
dition at an independent time point may itself be diagnostic.
[0120] Given that the direction and/or speed of the move-
ment of the normal condition in the graph is diagnostic, one
can use the direction and/or speed of the initial movement of
the normal condition to predict the consequent, new location
of the normal condition; especially if it is established that,
under the effect of a certain agent (for example, a pharma-
ceutical), there are only a certain number of locations in the
graph at which an individual’s normal condition will stabi-
lize.

[0121] However, in some aspects of the invention, both
diagnosis and prediction of assessing the medical condition
ofa subject are performed by qualified medical personnel and
the mathematical model provides an educational tool and
resource.

[0122] FIG. 6 illustrates an exemplary method of the inven-
tion for applying a mathematical model longitudinally in
real-time. Relevant biomarkers and discrete clinical out-
comes corresponding to different biomarker patterns are pre-
determined from historical data. Data is then obtained from a
subject and the data corresponding to each relevant biomarker
is measured. Data is preferably obtained from the subject
using a point-of-care microfluidic device, however, it can be
obtained in any manner. Each time the data is obtained a
distance metric (for example, Mahalanobis distance) is cal-
culated in relation to each centroid obtained from a cluster
analysis of the historical data. The centroids represent the
discrete clinical outcomes determined from the historical
data.

[0123] As following the flow diagram in FIG. 6, for each
individual data set through time, the probability of the data
belonging to each clinical outcome is calculated. The prob-
ability is calculated from the distance metric using a statisti-
cal estimation procedure, such as a Bayesian estimate. Based
on theset of calculated probabilities, the position of each time
point of subject data is assigned to the probability space. The
calculation is repeated for each time point.

[0124] A trajectory or vector is then created by linking
adjacent time points. The distance, direction, speed, and
acceleration of the vector can be calculated and plotted for
display or review. If the user (for example, physician), deems
the data to be of significant importance, the user may activate
an alarm or warning system and accordingly change the
course of action for treating or monitoring the medical con-
dition. After a course of action has been adjusted, the steps
assessing the medical condition of asubject can be repeated to
continue to monitor the trajectory of the subject.

[0125] FIG. 7 illustrates an exemplary method of the inven-
tion for developing an alarm or early warning system for or
upon assessing the medical condition of a subject. The tra-
jectory of a medical condition of subject and the information
corresponding to the trajectory (for example, speed or accel-
eration) is obtained through a method of multivariate statis-
tical calculations, such as the method illustrated in FIG. 6. In
order to analyze the information obtained from the math-
ematical analysis, qualified medical personnel (for example,
a physician) can establish criteria for activating an alarm or
warning system based on the measurement of biomarker pat-
terns from an individual subject.

[0126] This method allows each individual user to define
the value and set of criteria as they see fit, according to the
individual user’s priorities. It is understood that each user or
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physician may view each medical condition differently and
the example method of FIG. 7 accounts for these differences.
[0127] An exemplary method of the invention assigns
progress lines to each discrete clinical outcome. The progress
lines may represent different clinical criteria for the medical
condition a subject passes over. Preferably, the progress lines
are positioned and determined by an individual user, such as
medical personnel. The user may assign different locations of
the progress lines based upon the subject history, historical
data of the medical condition, or personal experience. An
example of a probability space with rules demonstrated as
progress lines is illustrated in FIG. 8. For example, if the
trajectory of a subject goes within one of the progress lines
illustrated in FIG. 8, an alarm or warning system may be
activated to notify the user or the subject. Other possible
results include, but are not limited to, a system printout of the
medical data, a user interface displaying the information, a
flashing light, an alert system, an alarm, a buzzer, an email, a
telephone communication, and a pager system. The alarm
system not only assesses the current medical condition of the
subject, but may also guide a course of action for the user.
[0128] When one or more of the characteristics of the tra-
jectory surpasses a specific value as determined by the model
user, an alarm or warning system can be activated. The user
can then determine the next course of action for assessing the
medical condition of the subject.

[0129] Inanembodiment of the invention, medical person-
nel or the subject canbe notified of a need for taking a medical
action after assessing or characterizing the position of the
subject data in a probability space. Examples ofa notification
include an alert system, an alarm, a buzzer, an email, a tele-
phone communication, and a pager system.

[0130] Medical personnel may take medical action when
notified by the methods of the invention that the medical
condition of a subject has violated a rule imposed by the
medical personnel. Medical action includes, but is not limited
to, ordering more tests performed on the patient, altering the
dosage of an administered therapeutic agent, administering a
therapeutic agent, terminating the administration of a thera-
peutic agent, combining therapies, administering an alterna-
tive therapy, placing the subject on a dialysis or heart and lung
machine, and administering a pain killer. In some embodi-
ments, the subject may take medical action. For example, a
diabetic subject may administer a dose of insulin.

[0131] After a medical action has been taken or has been
chosen, an outcome analysis can be performed for charactet-
izing a result of the selected action. The outcome analysis can
lead to automatically updating the probability of the discrete
clinical outcome of the subject.

[0132] Any clinical outcome, result, or action related to a
particular medical condition may be utilized as a discrete
clinical outcome. For example, discrete clinical outcomes
may be generic, such as responder, non-responder, partial
responder, and septic, or they be more specific such as adverse
drug reactions. In addition, discrete clinical outcomes may be
sequellae, or downstream clinically relevant events or results.
Subject data can be obtained for any pharmacological, patho-
physiological or pathopsychological clinical outcome. The
subject data may be obtained during a first time period before
an intervention is administered to the patient, and also during
a second, or more, time period(s) after the intervention is
administered to the patient. The intervention may comprise a
drug(s) and/or a placebo. The intervention may be suspected
to have a propensity to affect the heightened risk of the onset
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of the specific medical condition. The intervention may be
suspected of having a propensity to decrease the heightened
risk of the onset of the specific medical condition. The spe-
cific medical condition may be an unwanted side effect. The
intervention may comprise administering a drug, and wherein
the drug has a propensity to increase the risk of the specific
medical condition, the specific medical condition may be an
undesired side effect.

[0133] Medical conditions include, but are not limited to,
pharmacological, pathological, physiological and psycho-
logical conditions. For example, abnormality, affliction, ail-
ment, anomaly, anxiety, cause, disease, disorder, illness,
indisposition, infirmity, malady, problem or sickness, and
may include a positive medical condition for example, fertil-
ity, pregnancy and retarded or reversed male pattern baldness.
Specific medical conditions include, but are not limited to,
neurodegenerative disorders, reproductive disorders, cardio-
vascular disorders, autoimmune disorders, inflammatory dis-
orders, cancers, bacterial and viral infections, diabetes, arthri-
tis and endocrine disorders. Other diseases include, but are
not limited to, lupus, rheumatoid arthritis, endometriosis,
multiple sclerosis, stroke, Alzheimer’s disease, Parkinson’s
diseases, Huntington’s disease, Prion diseases, amyotrophic
lateral sclerosis (ALS), ischaemias, atherosclerosis, risk of
myocardial infarction, hypertension, pulmonary hyperten-
sion, congestive heart failure, thromboses, diabetes mellitus
types Lor II, lung cancer, breast cancer, colon cancer, prostate
cancer, ovarian cancer, pancreatic cancer, brain cancet, solid
tumors, melanoma, disorders of lipid metabolism, HIV/
AIDS, hepatitis, including hepatitis A, B and C, thyroid dis-
ease, aberrant aging, and any other disease or disorder.
[0134] Biological Markers

[0135] Biological markers, also referred to herein as biom-
arkers, according to the present invention include without
limitation drugs, prodrugs, pharmaceutical agents, drug
metabolites, biomarkers such as expressed proteins and cell
markers, antibodies, serum proteins, cholesterol, polysaccha-
rides, nucleic acids, biological analytes, biomarker, gene,
protein, or hormone, or any combination thereof. At a
molecular level, the biomarkers can be polypeptide, glyco-
protein, polysaccharide, lipid, nucleic acid, and a combina-
tion thereof.

[0136] Ofparticular interest are biomarkers associated with
a particular disease or with a specific disease stage. Such
biomarkers include but are not limited to those associated
with autoimmune diseases, obesity, hypertension, diabetes,
neuronal and/or muscular degenerative diseases, cardiac dis-
eases, endocrine disorders, any combinations thereof.
[0137] Also of interest are biomarkers that are present in
varying abundance in one or more of the body tissues includ-
ing heart, liver, prostate, lung, kidney, bone marrow, blood,
skin, bladder, brain, muscles, nerves, and selected tissues that
are affected by various disease, such as different types of
cancer (malignant or non-metastatic), autoimmune diseases,
inflammatory or degenerative diseases.

[0138] Also of interest are analytes that are indicative of a
microorganism. Exemplary microorganisms include but are
not limited to bacterium, virus, fungus and protozoa. Other
biomarkers obtained from a subject also include blood-born
pathogens selected from a non-limiting group that consists of
Staphylococcus epidermidis, Escherichia coli, methicillin-
resistant Staphylococcus aureus (MSRA), Staphylococcus
aureus, Staphylococcus hominis, Enterococcus faecalis,
Pseudomonas aeruginosa, Staphylococcus capitis, Staphylo-
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coccus warner, Klebsiella pneumoniae, Haemophilus influn-
zae, Staphylococcus simulans, Streptococcus preumoniae
and Candida albicans.

[0139] Biomarkers also encompass a variety of sexually
transmitted diseases selected from the following: gonorrhea
(Neisseria gorrhoeae), syphilis (Treponena pallidum),
clamydia (Clamyda tracomitis), nongonococcal urethritis
(Ureaplasm urealyticum), yeast infection (Candida albi-
cans), chancroid (Haemophilus ducreyi), trichomoniasis
(Trichomonas vaginalis), genital herpes (HSV type I & 1),
HIV 1, HIV II and hepatitis A, B, C, G, as well as hepatitis
caused by TTV.

[0140] Biomarkers encompass a diversity of respiratory
pathogens including but not limited to Pseudomonas aerugi-
nosa, methicillin resistant Staphlococccus aureus (MSRA),
Klebsiella pneumoniae, Haemophilis influenzae, Staphlococ-
cus aureus, Stenotrophomonas maltophilia, Haemophilis
parainfluenzae, Escherichia coli, Enterococcus faecalis, Ser-
ratia marcescens, Haemophilis parahaemolyticus, Entero-
coccus cloacae, Candida albicans, Moraxiella catarrhalis,
Streptococcuspneumoniae, Citrobacterfreundii, Enterococ-
cusfaecium, Klebsella oxytoca, Pseudomonas fluorscens,
Neiseria meningitidis, Streptococcus pyogenes, Preumocys-
tis carinii, Klebsella prneumoniae Legionella pneumophila,
Mycoplasma pneumoniae, and Mycobacterium tuberculosis.
[0141] Listed below are additional exemplary markers
according to the present invention: Theophylline, CRP,
CKMB, PSA, Myoglobin, CA125, Progesterone, TxB2,
6-keto-PGF-1-alpha, and Theophylline, Estradiol, Luteniz-
ing hormone, High sensitivity CRP, Triglycerides, Tryptase,
Low density lipoprotein Cholesterol, High density lipopro-
tein Cholesterol, Cholesterol, IGFR.

[0142] Exemplary liver markers include, without limita-
tion, Arginase 1 (liver type), Alpha-fetoprotein (AFP), Alka-
line phosphatase, Alanine aminotransferase (ALT), Lactate
dehydrogenase (LDH), Protein C, and Bilirubin.

[0143] Exemplary kidney markers include without limita-
tion TNFa Receptor, Cystatin C, Lipocalin-type urinary pros-
taglandin D, synthatase (LPGDS), Hepatocyte growth factor
receptor, Polycystin 2, Polycystin 1, Fibrocystin, Uromodu-
lin, Alanine, aminopeptidase, N-acetyl-B-D-glucosamini-
dase, Albumin, and Retinol-binding protein (RBP).

[0144] Exemplary heart markers include without limitation
Troponin I (Tnl), Troponin T (TnT), CK, CKMB, Myoglo-
bin, Fatty acid binding protein (FABP), CRP, D-dimer, S-100
protein, BNP, NT-proBNP, PAPP-A, Myeloperoxidase
(MPQ), Glycogen phosphorylase isoenzyme BB (GPBB),
Thrombin Activatable Fibrinolysis Inhibitor (TAFT), Fibrino-
gen, Ischemia modified albumin (IMA), Cardiotrophin-1,
and MLC-I (Myosin Light Chain-I).

[0145] Exemplary pancreatric markers include without
limitation Insulin, Amylase, Pancreatitis-Assocoated protein
(PAP-1), and Regeneratein proteins (REG).

[0146] Exemplary muscle tissue markers include without
limitation Myostatin.

[0147] Exemplary blood markers include without limita-
tion Erythopoeitin (EPO).

[0148] Exemplary bone markers include without limita-
tion, Cross-linked N-telopeptides of bone type I collagen
(NET) Carboxyterminal cross-linking telopeptide of bone
collagen, Lysyl-pyridinoline (deoxypyridinoline), Pyridino-
line, Tartrate-resistant acid phosphatase, Procollagen type I C
propeptide, Procollagen type 1 N propeptide, Osteocalcin
(bone gla-protein), Alkaline phosphatase, Cathepsin K,
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COMP (Cartillage Oligimeric Matrix Protein), Osteocrin
Osteoprotegerin (OPG), RANKL, sSRANK, TRAP 5 (TRACP
5), Osteoblast Specific Factor 1 (OSF-1, Pleiotrophin),
Soluble cell adhesion molecules, sTfR, sCD4, sCDS, sCD44,
and Osteoblast Specific Factor 2 (OSF-2, Periostin).

[0149] In some embodiments markers according to the
present invention are disease specific. Exemplary cancer
markers include without limitation PSA (total prostate spe-
cific antigen), Creatinine, Prostatic acid phosphatase, PSA
complexes, Prostrate-specific gene-1, CA 12-5, Carcinoem-
bryonic Antigen (CEA), Alpha feto protein (AFP), hCG (Hu-
man chorionic gonadotropin), Inhibin, CAA Ovarian C1824,
CA 27.29, CA 15-3, CAA Breast C1924, Her-2, Pancreatic,
CA 19-9, Carcinoembryonic Antigen, CAA pancreatic, Neu-
ron-specific enolase, Angiostatin DcR3 (Soluble decoy
receptor 3), Endostatin, Ep-CAM (MK-1), Free Immunoglo-
bulin Light Chain Kappa, Free Immunoglobulin Light Chain
Lambda, Herstatin, Chromogranin A, Adrenomedullin, Inte-
grin, BEpidermal growth factor receptor, Epidermal growth
factor receptor-Tyrosine kinase, Pro-adrenomedullin N-ter-
minal 20 peptide, Vascular endothelial growth factor, Vascu-
lar endothelial growth factor receptor, Stem cell factor recep-
tor, c-kit/KDR, KDR, and Midkine.

[0150] Exemplary infectious disease markers include with-
out limitation Viremia, Bacteremia, Sepsis, PMN Elastase,
PMN elastase/al-PI complex, Surfactant Protein D (SP-D),
HBVc antigen, HBVs antigen, Anti-HBVc, Anti-HIV, T-su-
pressor cell antigen, T-cell antigen ratio, T-helper cell antigen,
Anti-HCV, Pyrogens, p24 antigen, Muramyl-dipeptide.
[0151] Exemplary diabetes markers include without limi-
tation C-Peptide, Hemoglobin Alc, Glycated albumin,
Advanced glycosylation end products (AGEs), 1,5-anhydro-
glucitol, Gastric Inhibitory Polypeptide, Insulin, Glucose,
Hemoglobin, ANGPTL3 and 4.

[0152] Exemplary inflammation markers include without
limitation Rheumatoid factor (RF), Tumor Necrosis factor-o
(TNF-c), Antinuclear Antibody (ANA), C-reactive protein
(CRP), Clara Cell Protein (Uteroglobin).

[0153] Exemplary allergy markers include without limita-
tion Total IgE and Specific IgE.

[0154] Exemplary autism markers include without limita-
tion Ceruloplasmin, Metalothioneine, Zinc, Copper, B6,B12,
Glutathione, Alkaline phosphatase, and Activation of apo-
alkaline phosphatase.

[0155] Exemplary coagulation disorders markers include
without limitation b-Thromboglobulin, Platelet factor 4, Von
Willebrand factor.

[0156] In some embodiments a marker may be therapy
specific. COX inhibitors include without limitation TxB2
(Cox-1), 6-keto-PGF-1-alpha (Cox 2), 11-Dehydro-TxB-1a
(Cox-1).

[0157] Other markers of the present include without limi-
tation Leptin, Leptin receptor, and Procalcitonin, Brain S100
protein, Substance P, 8-Iso-PGF-2a.

[0158] Exemplary geriatric markers include without limi-
tation, Neuron-specific enolase, GFAP, and S100B.

[0159] Exemplary markers of nutritional status include
without limitation Prealbumin, Albumin, Retinol-binding
protein (RBP), Transferrin, Acylation-Stimulating Protein
(ASP), Adiponectin, Agouti-Related Protein (AgRP),
Angiopoietin-like Protein 4 (ANGPTL4, FIAF), C-peptide,
AFABP (Adipocyte Fatty Acid Binding Protein, FABP4)
Acylation-Stimulating Protein (ASP), EFABP (Epidermal
Fatty Acid Binding Protein, FABPS), Glicentin, Glucagon,
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Glucagon-Like Peptide-1, Glucagon-Like Peptide-2, Ghre-
lin, Insulin, Leptin, Leptin Receptor, PY'Y, RELMs, Resistin,
and sTfR (soluble Transferrin Receptor).

[0160] Exemplary markers of lipid metabolism include
without limitation Apo-lipoproteins (several), Apo-Al, Apo-
B, Apo-C-CII, Apo-D, Apo-E.

[0161] Exemplary coagulation status markers include with-
out limitation Factor I: Fibrinogen, Factor II: Prothrombin,
Factor III: Tissue factor, Factor IV: Calcium, Factor V: Proac-
celerin, Factor VI, Factor VII: Proconvertin, Factor VIII:,
Anti-hemolytic factor, Factor IX: Christmas factor, Factor X:
Stuart-Prower factor, Factor X1I: Plasma thromboplastin ante-
cedent, Factor XII: Hageman factor, Factor X1III: Fibrin-sta-
bilizing factor, Prekallikrein, High-molecular-weight kinino-
gen, Protein C, Protein S, D-dimer, Tissue plasminogen
activator, Plasminogen, a2-Antiplasmin, Plasminogen activa-
tor inhibitor 1 (PAI1).

[0162] Exemplary monoclonal antibodies include those for
EGFR, ErbB2, and IGFIR.

[0163] Exemplary tyrosine kinase inhibitors include with-
out limitation Ab1, Kit, PDGFR, Src, ErbB2, ErbB 4, EGFR,
EphB, VEGFR1-4, PDGFRb, FLt3, FGFR, PKC, Met, Tie2,
RAF, and TrkA.

[0164] Exemplary Serine/Threoline Kinase Inhibitors
include without limitation AKT, Aurora A/B/B, CDK, CDK
(pan), CDK1-2, VEGFR2, PDGFRb, CDK4/6, MEK1-2,
mTOR, and PKC-beta.

[0165] GPCR targets include without limitation Histamine
Receptors, Serotonin Receptors, Angiotensin Receptors,
Adrenoreceptors, Muscarinic Acetylcholine Receptors,
GnRH Receptors, Dopamine Receptors, Prostaglandin
Receptors, and ADP Receptors.

[0166] In aseparate embodiment, a method herein utilizes
pharmacological parameters useful for assessing efficacy
and/or toxicity of a therapeutic agent and the agent’s affect on
a medical condition. For the purposes of this invention, a
“therapeutic agent” 1s intended to include any substances that
have therapeutic utility and/or potential. Such substances
include but are not limited to biological or chemical com-
pounds such as simple or complex organic or inorganic mol-
ecules, peptides, proteins (for example, antibodies) or a poly-
nucleotides (for example, anti-sense). A vast array of
compounds can be synthesized, for example, polymers, such
as polypeptides and polynucleotides, and synthetic organic
compounds based on various core structures, and these are
also included in the term “therapeutic agent”. In addition,
various natural sources can provide compounds for screen-
ing, such as plant or animal extracts, and the like. It should be
understood, although not always explicitly stated that the
agent is used alone or in combination with another agent,
having the same or different biological activity as the agents
identified by the inventive screen. The agents and methods
also are intended to be combined with other therapies.
[0167] Implementation of the Methods

[0168] It is to be understood that the exemplary methods
and systems described herein may be implemented in various
forms of hardware, software, firmware, special purpose pro-
cessors, or a combination thereof. Methods herein can be
implemented in software as an application program tangibly
embodied on one or more program storage devices. The appli-
cation program may be executed by any machine, device, or
platform comprising suitable architecture. It is to be further
understood that, because some of the systems and methods
depicted in the Figures are preferably implemented in soft-
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ware, the actual connections between the system components
(or the process steps) may differ depending upon the manner
in which the present invention is programmed. Given the
teachings herein, one of ordinary skill in the related art will be
able to contemplate or practice these and similar implemen-
tations or configurations of the present invention.

[0169] FIG. 9 illustrates the process flow of building the
model and system for assessing the medical condition of a
subject. The subject inputs personal data into a database. The
same or a different database contains data from other subjects
with a similar medical condition. Data from the other subjects
can be historical data from public or private institutions. Data
from other subjects may also be internal data from a clinical
study.

[0170] The subject may input data in a variety of ways, or
using a variety of devices. For example, a point-of-care
microfluidic device may be used to acquire biomarker data at
the point-of-care. The data from the device may then be
communicated directly from the device to a database or pro-
cessor. A computer or data entry system may also input sub-
ject data to a database or processor. Data may be automati-
cally obtained and input into a computer from another
computer or data entry system. Another method of inputting
data to a database is using an input device such as a keyboard,
touch screen, trackball, or a mouse for directly entering data
into a database.

[0171] A database is developed for a medical condition in
which relevant clinical information is filtered or mined over a
communication network (for example, the Internet) from one
or more data sources, such as a public remote database, an
internal remote database, and a local database. A public data-
base can include online sources of free clinical data for use by
the general public, such as, for example, databases supplied
by the U.S. Department of Health and Human Services. For
example, an internal database can be a private internal data-
base belonging to particular hospital, ora SMS (Shared Medi-
cal System) for providing clinical data. A local database can
comprise, for example, biomarker data relating to discrete
clinical outcome. The local database may include data from a
clinical trial. It may also include clinical data such as tem-
perature and laboratory information, EKG results, blood test
results, patient survey responses, or other items from patients
in a hospital or an internal hospital monitoring system. The
database can also include historical reference data of a plu-
rality of subject members in relationship to at least one bio-
logical marker.

[0172] The database may also be implemented on a variety
of commercially available authoring packages.

[0173] The database may be of a storage unit of a medical
information system.

[0174] Data from a database can be filtered and classified
according to specific cases or medical conditions or a group of
diagnoses and conditions. For example, the classification
within the database may follow the standard international
code of diagnoses (ICD-9 coding system). A medical condi-
tion may include, for example, a physical state of a subject or
a disease that the subject is suffering from.

[0175] In an embodiment, the data stored in the database
may be selected from the categories consisting of’ pathology,
anatomy, treatment option, treatment outcome, pharmaco-
logical parameter, pharmacokinetics parameter, psychologi-
cal parameter, and genomic information.

[0176] Subject data can be stored with a unique identifier
for recognition by a processor or a user. In another step, the
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processor or user can conduct a search of stored data by
selecting at least one criterion for particular patient data. The
particular patient data can then be retrieved.

[0177] Relationships can be established between elements
of the public databases, the internal databases and the subject
data. Explicit relationships declare and record inferences
made based on information revealed by the trajectory or other
available observations.

[0178] FIG. 9 illustrates the flow of data from a database
that includes the data from the subject to a processor that
performs the mathematical methods described herein to con-
struct a probability space. The subject data may also be input-
ted to the processor separately from the data pertaining to a
discrete clinical outcome that is stored in a database.

[0179] A processor can perform calculating the probability
space. Once a probability space map is prepared, the same
processor or a different processor can plot biomarker data
from an individual subject within the probability space. The
probability space map itself can be transmitted to an output,
such as a display monitor. The position of the subject data
within the probability space may also be transmitted to an
output. The processor may have a means for receiving patient
data directly from an input device, a means of storing the
subject data in a storage unit, and a means for processing data.
The processor may also include a means for receiving instruc-
tions a user or a user interface. The processor may have
memory, such as random access memory, as is well known in
the art. In one embodiment, an output that is in communica-
tion with the processor is provided.

[0180] A user interface refers to graphical, textual, or audi-
tory information presented to a user. User interface may also
refer to the control sequences used for controlling a program
or device, such as keystrokes, movements, or selections.
[0181] A user interface may be a commercial software
application for displaying subject data and/or the position of
the subject data in a probability space. The user interface
generally provides users with access to a task-specific set of
functions to view and modify content. In preferable embodi-
ments of the invention, the user interface is a graphical user
interface (GUI). In some embodiments, a constructed prob-
ability space in two dimensions can be viewed using a GUI.
Also, the trajectory of subject data positioned within the
probability space can be viewed using a GUI. The GUI may
be displayed on a display monitor. Other user interfaces that
may be utilized with the methods of the invention include, but
are not limited to, alert systems, web-based interfaces, text
interfaces, sound interfaces, batch interfaces, and intelligent
interfaces. In an embodiment of the invention, the user inter-
face can remotely communicate with the system.

[0182] By acquiring data from a subject at multiple points
in time, a trajectory of the subject data can be processed. For
each time point, a processor may calculate the position of the
subject data time point in a probability space. A trajectory is
created by connecting at least two time points of subject data.
Different vector parameters of the trajectory can be calculated
such as distance, speed, direction, and acceleration. The vec-
tor parameters can be calculated by a processor. The proces-
sor may be the same as or different than the processor used to
construct the probability space.

[0183] Based upon rules imposed by a user, the position or
trajectory of subject data may activate an alert. The alert or
alert system notifies the user when the subject data conflicts
with a rule imposed by a user. For example, a rule may
comprise the probability of a subject of developing an adverse
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drug reaction (ADR) is greater than 60 percent. When the
probability of the subject data exceeds the rule, an alert is
communicated to a user.

[0184] Examples of an alert include, but are not limited to,
a sound, a light, a printout, a readout, a display, a page, an
e-mail, a fax alert, telephonic communication, or a combina-
tion thereof. The alert may communicate to the user the raw
subject data, the calculated position in probability space of
the subject data, the trajectory of the subject data, or a com-
bination thereof.

[0185] A user is most preferably medical personnel. In an
embodiment, the same user has access to the subject data,
establishes the rules for alerting the user, and is alerted by the
alert. The user may also be the subject. For example, a dia-
betic patient may monitor his personal glucose levels or other
biomarker levels. In another embodiment, a user has access to
the subject data at any step of the mathematical model.
[0186] FIG. 10 demonstrates a networking method of
assessing the medical condition of a subject. A system of
communicating information may or may not include a reader
for reading subject data. For example, if biomarker data is
acquired by a microfluidic point-of-care device, the values
assigned to different individual biomarkers may be read by
the device itself or a separate device. Another example of a
reader would be a system to scan in subject data that has been
entered in an electronic medical record or a physician chart. A
further example of a reader would consist of an electronic
patient record database from which subject data could be
directly obtained via the communications network.

[0187] A userstation may be incorporated into the methods
and systems herein. The user station can act as a reader for
reading subject data or as a data entry system. The user station
may also be used to communicate data information directly to
a uset, such as medical personnel or the subject. The user
station platform may be a computer or one of a wide variety of
hardware platforms that runs any operating system. The plat-
form may read and write to and from a storage unit. A storage
unit may be incorporated within the user station. As will be
readily apparent to those of ordinary skill in the art, other
hardware may be used to execute the methods of the inven-
tion.

[0188] According to still further embodiments, a server
may be provided for use in assessing a medical condition of a
subject. In some embodiments, a reader and/or user station
communicates with a server. The server may comprise a
network interface and a processor. A storage unit may also be
provided in the server. The storage unit is coupled to receive
the patient data from the input device, reader, or user inter-
face, and to store the patient data.

[0189] The storage unit may be any device capable of stor-
ing data for a long period of time, either as a component of the
platform, or as a separate entity that is coupled to the network.
Although any appropriate storage capacity may be used, the
capacity is typically at least ten megabytes and more usually
at least twenty gigabytes. The storage unit may be permanent
or removable. For example, the storage unit may be as mag-
netic random access, such as flexible or hard disk drive,
magnetic sequential access, such as tape, optical random
access such as CD, DVD or Magunetic Optical drive, and solid
state memory, such as EPROM, MRAM and Flash. In addi-
tion, the present invention anticipates other storage devices.
All of the aforementioned storage units are by way of
example and are not intended to limit the choices that are or
may become available in the art.
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[0190] Insome embodiments, the data are further manipu-
lated prior to storage by the processor compressing the data.
Some data are very large and compression permits conserva-
tion of storage space. In the absence of compression, this
large amount of data may present a particular problem for the
storage of medical information.

[0191] In other embodiments of a system for assessing the
medical condition of a subject, data storage, processing and
control of data are implemented on a server that is in com-
munication with a user station. Optionally, computations with
the data may be performed on the server as well. In this
client-server embodiment, the server is communicatively
coupled to one or more user stations by local area network
(LAN), implemented with Ethernet, Wi-Fi, Bluetooth, USB
or Firewire, a Wide Area Network (WAN) such as the Inter-
net, implemented by broadband cable, xDSL, T1, metropoli-
tan Wi-Fi or other high speed communications down to plain-
old-telephone-service (POTS).

[0192] A user station is in communication with a server to
output the information processed by the server. The user
station may be the same or different from the user station or
device used to input subject data into the system. The user
station may also be an alert or a warning system. Examples of
a user station include, but are not limited to, a computer, a
PDA, a wireless telephone, and a personal device, such as an
iPod. The user station may be in communication with a
printer or a display monitor to output the information pro-
cessed by the server.

[0193] In a networked system comprising a server, any
number devices may be members of a medical network enter-
prise and access a central collection of medical data stored in
a server. A given user station may have access to enormous
amounts of patient data from healthcare sources anywhere in
the world. In one application, data from multiple practitioners
are accumulated for defined clinical trial studies.

[0194] Statistical information is provided to the user of the
system, preferably at the point-of-care. The point-of-care is
where treatment is implemented. Advantageously, the
dynamic and real-time characteristics of Internet usage are
captured in this feature. This enables medical personnel or the
subject either in the office or in the field to instantaneously be
notified of and presented with, for example, a subject’s medi-
cal condition and statistical information pertaining to the
subject data.

[0195] Theuser station, alert system, or output device may
encrypt the data prior to data transmission. The data can also
be encrypted by the processor to protect private information.
A variety of encryption schemes may be used, such as public
key encryption or private key encryption. The encryption
components may be stand-alone components or software
components. The server may also include a decryption umt
for decrypting received subject data prior to storage.

[0196] Inanalternative embodiment, if the communication
bandwidth between the user and the server becomes restric-
tive (for example, if the server is “down”), the model can be
duplicated and reside in a mirror server at a user station.
Updates and communications between the server and the
mirror server can be done off-line at predetermined times.
On-line requests from the user can be handled locally by the
mirror server. This alternative provides increased reliability
forusers, since the on-line processes do not depend on outside
networks.

[0197] In an alternative configuration of the data analysis
system, client-based architecture is used where storage, data
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processing and computations are performed on a user station.
An input device transmits data from a source to a platform.
The platform is coupled to a display through a display con-
troller. The display may be any one of a number of conven-
tional display devices, such as a liquid crystal display or video
display. The platform contains a storage unit, a processor and
an interface for communicating with the input device. The
storage unit has a database for storing, manipulating and
retrieving subject data. The storage unit also may store and
run an operating system. The user station platform may be a
computer or one of a wide variety of hardware platforms that
runs any operating system. The platform may read and write
to and from its storage unit. As will be readily apparent to
those of ordinary skill in the art, other hardware may be used
to execute the software.

[0198] In another aspect, computer readable instructions
are provided, which when executed cause a processor to:
provide a probability space defined by a set of discrete clinical
outcomes, each of which is characterized by a statistical
distribution of at least one biological marker; obtain subject
data corresponding to the at least one biological marker; and
calculate the position of said subject data in said probability
space to assess the probability of a medical condition of said
subject.

[0199] Thecomputer readable instructions may be a part of
a software package. The software package can be provided
with a server of the invention or an input device, such as a
microfluidic point-of-care device.

[0200] In an embodiment, computer readable instructions
comprise instructions for creating a trajectory between two
time points of subject data. The instructions may also cause a
processor to calculate vector parameter of a trajectory, such as
speed, position, heading, and acceleration.

[0201] Computer readable instructions may direct a proces-
sor or output device to output the assessment of a medical
condition. The instructions, when executed, may display a
graphical representation on a monitor, print an output on a
printer, or activate an alert or alarm.

[0202] In another aspect, computer readable instructions
may be stored in a computer readable medium. In some
embodiments, the computer readable medium that stores
instructions is a storage unit as described herein. Still other
embodiments may provide a computer readable medium hav-
ing stored therein a plurality of sequences of instructions,
which, when executed by a processor, execute a method of the
invention.

[0203] The computer readable instructions when executed
can cause a processor to provide a user defined alert condition
based on an assessment of trajectory parameters of the subject
data in the probability space. In an embodiment, the trajectory
parameters are at least one of speed, acceleration, direction,
and position.

[0204] As used herein, a “computer readable medium”
refers to any medium which can be read and accessed directly
by a computer or a processor. Featured computer readable
media include, but are not limited to, magnetic storage
medium, optical storage medium, electrical storage medium,
and hybrid storage medium of any of these categories.
[0205] The computer readable instructions can operate in a
software runtime environment ofthe processor. In an embodi-
ment, a software runtime environment provides commonly
used functions and facilities required by the software pack-
age. Examples of a software runtime environment include,
but are not limited to, computer operating systems, virtual
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machines or distributed operating systems. As will be appre-
ciated by those of ordinary skill in the art, several other
examples of runtime environment exist.

[0206] The computer readable medium may be a storage
unit of the present invention as described herein. It is appre-
ciated by those skilled in the art that computer readable
medium can also be any available media that can be accessed
by a server, a processor, or a computer.

[0207] Computer readable media includes volatile and non-
volatile, removable and non-removable media implemented
in any method or technology for storage of information such
as computer-readable instructions, data structures, program
modules, or other data. Computer storage media includes, but
is not limited to, RAM, ROM, EPROM, EEPROM, flash
memory or other solid state memory technology, CD-ROM,
DVD, or other optical storage, magnetic cassettes, magnetic
tape, magnetic disk storage or other magnetic storage devices,
or any other medium which can be used to store the desired
information and which can be accessed by the computer. A
skilled artisan can readily adopt any of the presently known
methods for recording information on a computer readable
medium.

[0208] Thecomputer readable medium can beincorporated
as part of the computer-based system of the present invention,
and can be employed for a computer-based assessment of a
medical condition.

[0209] Healthcare Operating System

[0210] Different aspects of the invention can be used and
developed for healthcare systems. Examples of such systems
include point-of-care systems, a healthcare operating system
oracombination of both. For example, a user may test a blood
sample with a device and the information from the test can be
provided to a system or method of the invention, which in turn
sends additional information to the user.

[0211] In an embodiment, a healthcare system is part of an
integrated infrastructure built around real-time, point-of-care
disposable blood monitoring devices which analyze about 10
microliter samples in a similar manner to automated replica-
tion of the manual processes run by a central laboratory. In an
integrated infrastructure, information can be wirelessly trans-
mit from an assay device to a database which integrates data
from the device with stored data from disparate databases
(patient record, genetic or genomic information, data from
clinical trials) into a central database. The system can then
allow for the automatic application of mathematics to the
database in the context of the pathophysiology of a given
disorder. For example, a healthcare system can be used to
rapidly improve the label of key drugs through adaptive clini-
cal studies which can generate publications for label expan-
sions for new indications, patient subpopulations, and for
ameliorating safety concerns.

[0212] In an embodiment of the invention, a healthcare
system can be utilized for home, real-time blood monitoring
has significant implications which allow us to collect infor-
mation which cannot be seen using the conventional blood
testing infrastructure.

[0213] FIG. 11 illustrates an exemplary embodiment of a
system of the invention. Real-time acquisition of subject data
can be accomplished using a point-of-care device. The point-
of-care device can acquire, store, and/or manage information
based upon a specific disease or compound. The point-of-care
device may also be in communication with the user or a
computer or system belonging to the user. A point-of-care
environment in this example can be the home or the clinic.
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Also illustrated in FIG. 11 is transmitting information in
real-time from the point-of-care device to a server ot system
that is capable of converting the information or data to a
physiologically relevant context. This can be accomplished
by transferring the information to a database or a plurality of
databases. The databases can be on a server or a plurality of
servers. In an embodiment, a centralized database repository
is used to analyze the data and return the data to an end user
in aphysiologically relevant context. The data can be returned
and, in the example of FIG. 11, information, such as clinically
relevant and actionable information, can be returned to a user
through browser-based software applications. The informa-
tion could be used for adaptive clinical trials and publications
if the end user is a medical researcher or pharmaceutical
company.

[0214] A system of the invention comprising a point-of-
care device in communication with a healthcare system may
not require the transfer of samples, such as transportationto a
laboratory, which in turn, can improve the integrity of a
sample. Detection of an analyte in a system or method of the
invention can be provided in real-time at the point-of-care.
Real-time detection integrated with a healthcare central data-
base system can allow for the creation of complex longitudi-
nal data series acquired by an immunoassay device.

[0215] FIG. 12 demonstrates an exemplary system of the
invention, wherein a health care operating system comprises
data infrastructure, models and algorithms, and software
applications. The data infrastructure can be used by a phar-
maceutical company for clinical trials across an entire phar-
maceutical pipeline. A model or algorithm of the health care
operating system can comptrise, for example, predictive and
dynamic, multivariate, multi-dimensional models that can be
customized for program-specific objectives and that can map
disease progression and regression. A system can be inte-
grated with back-end algorithms, models, and data in the data
infrastructure. For example, a system can transmit individu-
alized content to users on device touch-screens or mobile
phones. The feedback may assist with behavior modification
and increase compliance with therapy. The algorithms
described herein enable correlation of blood data to efficacy
dynamics profiles, behavior, lifestyle, diet, and side-effects.
[0216] Content can be based on data for patient classes,
which recognize physiological and psychological pre-dispo-
sitions as well as local socio-environmental influences. In
another embodiment, a system can link users through social
networks, where success stories compound through the com-
bination of each tailored home health system with a given
therapy.

[0217] The health care operating system can interact at the
point-of-care with consumer systems, such as an assay car-
tridge, an assay reading device, or a mobile device such as a
cell phone. The field units can be integrated with point-of-
care home and mobile monitoring systems. Field units can be
remote, portable patient care systems and can provide on-site,
real-time, automatic processing of cartridges for blood analy-
sis. In some instances, field units comprise a user interface,
allowing patient to initiate assays and graphically enter a
variety of relevant information, such as: patient diaries, envi-
ronmental, behavioral, and psychological information, and
two-way communication system from the instruments to
medical personnel or mobile phones and back to patients with
relevant content, messages, and health information. In some
instances, blood and environmental data is automatically (for
example, wirelessly) transmitted into models in real time.
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[0218] As described herein, a health care operating system
can comprise information integration and exploitation infta-
structure that permits, for example without limitation: data
acquisition and storage of point-of-care results in real time,
integration of blood parameters and patient diary data with all
other physiologically relevant information, and a central
mathematical software program. The central mathematical
software program can graphically visualize, help to interpret,
and analyze all data in one place and link any new information
into a disease management system that then maps the infor-
mation onto a probability space of clinical outcomes. A health
care operating system or a field unit can provide a graphical
display of clinically relevant and actionable information back
to the health care provider and/or the patient or user.

[0219] Possible applications for a healthcare system of the
invention include, but are not limited to, an integrated link to
an adaptive clinical trial or healthcare management system,
drug and systems combinations for post-prescription moni-
toring, a healthcare operating system (for example, a server
controlled point of care whole blood monitoring systems),
and identification of correlations to efficacy of key com-
pounds during clinical studies.

[0220] Inanembodiment,a system can provide a graphical
portrayal of integration of available data sets to a user.
[0221] In another embodiment, a system of the invention
can generate data that may serve as historical data in future
studies. A system can be customized according a the needs of
a user, for example, extracting relevant information from a
pharmaceutical company’s existing databases, a central
mathematical software program which allows a pharmaceu-
tical company to visually see, interpret, and analyze all of
their data in a place and is linked to a clinical trial system.
[0222] When utilized with clinical trials of pharmaceuti-
cals, a system of the invention can provide an understanding
of compound efficacy, disease progression and patient
response that may not be possible using the conventional
blood testing infrastructure.

[0223] A database and a healthcare system can be custom-
ized to monitor trends protein assays over time and their
relationship to disease progression across different indica-
tions while accounting for the other relevant variables or
biomarkers in the pathophysiology of the disease. The cus-
tomization can be designed to automatically incorporate all
relevant data for use in mapping disease progression across
relevant indications and are the foundation of historical data.
The maps and baselines can be used in designing future
studies and in future studies to extract better information from
blood test results and provide early reads on efficacy across
different indications.

[0224] FIG. 13 demonstrates an exemplary database com-
prising an ontology of biomarkers that are related some types
of medical conditions. For example, sepsis as a disease is
categorized as a pathophysiology and is linked in this ontol-
ogy to Acute Liver Failure (ALF), Disseminated Intravascu-
lar Coagulation (DIC) and the like. Each of these pathologies
can be considered a sequellae of sepsis in the context of this
ontology. In this example, a drug used to treat sepsis is Cyto-
Fab. In some instances, the sequellae can be characterized by
the spectra of biomarkers as described in FIG. 13. For
example, ALF is characterized by specific patterns of ALT,
AST, GGT, and Alkaline phosphatase.

[0225] In an aspect of the invention, the methods, devices
and systems disclosed herein can comprise a healthcare oper-
ating system. A healthcare operating system can comprise a
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central control system for delivery of care to consumer and
for an economic model for payors and payees.

[0226] In an embodiment, a healthcare operating system
can provide an early system possibly to detect the onset of
disease. A system can further comprise a learning engine that
ties to the preferences of a user or an insurance provider based
on drug availability, targeted response rate, or payment struc-
ture.

[0227] A computer system or server of the invention can
include a dynamic learning engine, for example, as the system
or server receives data, the operations of the system or server
can be updated. A system or server can also call in to siloed
databases, extracts, and locally store (permanently or tempo-
rarily) information in a central data repository.

[0228] In another embodiment, a healthcare system can
comprise a communications portal for a user to communicate
an array of information to the system, such as weight, nicotine
consumption, food consumption, exercise, and physchiatric
variables.

[0229] FIG. 14 illustrates an example hierarchy of a health-
care operating system of the invention. The central operating
system has access to a data infrastructure and monitoring
devices for obtaining subject data. As demonstrated in the
example in FIG. 14, the data infrastructure can comprise a
search tool, communication links, analysis of data, and appli-
cations. For example, a communications link can communi-
cate to a consumet, clinician, or HMO., A clinician can use the
information for simplification and effectiveness of his deci-
sion making or as a data/knowledge base background. An
HMO could for example receive information of a clinical
trial, such as drug efficacy and the costs of the drug use.
Analysis of information in the data infrastructure as illus-
trated in F1G. 14 can include generation of a trajectory, fuzzy
logic guidance, collaborative filtering prediction, disease
maps, and data reports for clinical trials or new drug discov-
ery. Bxamples of applications of a data infrastructure include
reports (public or private), alerts (for example alerts of a user,
clinician, clinical trial, or a pharmacy), and dynamic, adjust-
able trials.

[0230] Also demonstrated in FIG. 14 is the hierarchy of
information received by the exemplary operating system
from monitoring devices. The devices and operating system
can monitor and release drugs if necessary. In a preferable
embodiment, the devices monitor analytes in a bodily fluid.
For example, when monitoring blood, the devices may be
capable of executing prescription blood tests for a clinical or
preventative setting or evaluate drug systems as demon-
strated.

[0231] Inan aspect, a system is disclosed that solicits input
from the user or his agent (for example, a physician) to facili-
tate a conversation between the subject and his agent about
the status of the person’s health at a time. Examples of input
that can be solicited by a system include, but are not limited
to, establishing alert levels, medical notation, and personal
notation. The system can acquire clinically relevant informa-
tion about a person and place the information in a physiologi-
cally-reasonable context. Examples of clinically relevant
information include, but are not limited to, age, gender, race,
medical history, and genomic information.

[0232] Inan embodiment, time dependent data can be rep-
resentative of overall clinical health or response, including a
diagnosed disease condition that requires monitoring, a
response profile for a particular drug or combination of drugs,
or subject observed observations of his health.
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[0233] Calculated or observed information can be provided
to auser. Examples of users include, but are not limited to, a
patient, a physician, a clinical monitor for a clinical trial, and
other medical personnel.

[0234] Information can also be integrated into a central
repository for inclusion into, for example, a medical record or
a clinical trial report.

[0235] FIG. 15 demonstrates an exemplary system of the
invention wherein an analysis database can receive informa-
tion from a database containing data from a reader or car-
tridge database, historical databases, a patient database that
can contain data entered by a patient, and a customer data-
base. Other features of a system of the invention are demon-
strated in FIG. 15. The system is capable of performing analy-
sis on data received by the system. The analysis can be any
method as described herein and can include developing or
utilizing a disease map, using statistics for a statistically
analysis of information within the system, reports or graphs,
and/or a combination of the different methods as described.

[0236] FIG. 15 also illustrates a user interface that may be
utilized in a system of the invention. The user interface can
interact with any of the components demonstrated in FI1G. 15.
Inapreferable embodiment, the user interface allows a user to
interface with the system to determine test data or analysis
outcomes, such as physiologically relevant information. The
user interface may be a touch screen, monitor, keyboard,
mouse, or any other item that allows a user to interact with a
system of the invention as would be obvious to one skilled in
the art.

[0237] As shown in FIG. 15, a system can be utilized to
manage a reader or point-of-care device. This can include
management of a cartridge to be inserted into the reader for
measurement of data. For example, the system can provide
the reader a protocol for running an immunoassay of the
cartridge. A system of the invention can also provide infor-
mation to the reader for calibration of the immunoassays run
on the cartridge that are run or executed by the reader. Reader
management can also include information for assigning the
reader for the appropriate reading system for reading an
immunoassay from a point-of-care cartridge. Reader man-
agement can also include corrective and preventive actions
(CAPA), which is an instrument of integrated and compre-
hensive compliance management. An element of the CAPA
approach is an effective and systematic processing of quality
deficiencies, errors and malfunctions with the goal to provide
appropriate corrective actions and consistently prevent a
reoccurrence of non-conformance situations. The CAPA
strategy was developed by the Food and Drug Administration
(FDA) for the inspection of medical products.

[0238] Systems and methods described herein can be used
for pharmaceutical clinical trials. In some instances, the sys-
tems and methods accelerate trial timelines by an average of
18 months. In some instances, a system or method herein may
provide dose-response and efficacy dynamics profiles in less
than 18 months, less than 15 months, less than 12 months, less
than 10 months, less than 9 months or even less than 6 months.
Real-time pharmacokinetics and pharmacodynamics may
provide better efficacy and more safety information. The
methods herein may also decrease the risk of toxicity slowing
approval or restricting use by shifting dose across: sub-popu-
lations, concomitant medications, and multiple indications.
In other instances, a system or method herein can improve
predictive visibility into pathway dynamics. A model as
describe can produce predictive insights and power strategic
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decisions. A system can support communications with regu-
latory authorities internationally and can facilitate ‘learn and
confirm’ strategy for adaptive clinical trials.

[0239] A system herein can include a data management
system. The data management system can be operated
through a plurality of devices or systems, or by a single
central server. An example of data management ofa system of
the invention is shown in FIG. 15. A data management system
can receive input or output from, for example, a point-of-care
reader, a database (such as an analysis database or a historical
database), and a terminal (such as a user interface). A data
management system can also conduct storage management,
for example, storage of a patient’s individual data or storage
of information related to a particular disease or drug profile.
For example, if using a system and/or method of the present
invention to conduct a clinical trial on an experimental drug,
the data management and storage management systems can
receive data from the point-of-care from a reader, and then
store the information in databases for analysis of the data.
Both the patient data and the analysis data may then be stored
for future use of a system. For example, if one side effect is
noted in a patient in Phase I of a clinical trial, that side effect
information may be used for the analysis of results of a patient
in Phase I1I of the clinical trial. As another example, a diabetic
individual may receive a glucose measurement at an earlier
time, which may then be used to evaluate the condition of the
individual at a later time following another measurement.

Example 1
[0240] Prostate Cancer and Anti-Angiogenesis Treatment
[0241] A Phase I or Phase Ila clinical trial for treating a

subject diagnosed with prostate cancer with an anti-angio-
genic drug allows for dose adjustments during the trial. The
subject is monitored over a course of time during the clinical
study. The method of action of the anti-angiogenic drug is to
halt the growth of blood vessels in and around the tumor,
thereby depriving the tumor of adequate blood supply. This
may induce ischemia and nutritional necrosis in the tumor,
thereby debulking the tumor.

[0242] After the method of action is determined, discrete
clinical outcomes are chosen by medical personnel, such as a
physician or clinical monitor. The discrete clinical outcomes
chosen in this example are complete response (CR), partial
response (PR), non-response (NR ), and adverse drug reaction
(ADR). The ADR related to the anti-angiogenic drug is hyper-
tensive encephalopathy in this example.

[0243] Six biomarkers representative of the clinical out-
come of the subject with prostate cancer are chosen to define
the discrete clinical outcomes. The biomarkers are PSA, TPS,
hK2, VCAM-1, Endothelin-1, and 6-keto-PGF-1-a.. Using
these biomarkers and the corresponding historical data on the
progression of prostate cancer treatments with anti-angio-
genic drugs as well as data from other subjects in the clinical
trial, a cluster analysis is performed. Fach discrete clinical
outcome is assigned to a centroid of one of the clusters.
[0244] Before the subject is treated with the drug, the sub-
jectis assigned a position in the probability space based upon
the subject’s data from the relevant biomarkers. The probabil-
ity of the subject belonging any of the discrete clinical out-
come classes is determined using the Mahalanobis distance,
from which a probability is calculated using a Bayesian esti-
mation. The result of this calculation returns the four prob-
abilities corresponding to the four clinical outcomes of the
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example. The position of the subject is determined by plotting
the four probabilities in the probability space.

[0245] The probability space corresponding to four clinical
outcomes is graphically displayed as a square in two dimen-
sions. The user of the model, in this example, medical per-
sonnel, establishes rules for the medical condition of the
subject based the subject data’s position and/or trajectory in
the probability space. Each discrete clinical outcome has a
line representing the rule established by the medical person-
nel, as shown by the dashed lines in FIG. 16. When the subject
crosses the dotted line towards the CR or PR conditions, the
subject is substantially free of ADR and has improved his/her
prognosis.

[0246] InFIG. 16, the trajectories of two different subjects
are plotted. Subject 1 has a trajectory that starts in the middle
of the probability space and then heads towards the ADR
condition. In this example, the medical personnel may notice
the trajectory’s speed or acceleration and intervene in the
treatment. When Subject 1’s trajectory crosses the dotted line
towards the ADR condition, an alarm is activated. The medi-
cal personnel react accordingly.

[0247] Subject 2 has a trajectory that heads towards the NR
condition. The dose of the anti-angiogenic drug treatment is
adjusted corresponding to the rules established by the medi-
cal personnel. After the adjustment of the dose, the trajectory
heading changes towards the PR condition. The example
illustrates a method and embodiment of the invention for
monitoring a clinical trial.

Example 2
[0248] Sepsis and Anti-TNF Treatment
[0249] Subjects with confirmed or suspected sepsis or sys-

temic inflammatory response syndrome (SIRS) are treated
with an anti-TNF therapeutic during a Phase I1b (dose adjust-
ment allowed) or a Phase III (no dose adjustment allowed)
clinical trial. The subject is monitored over a course of time
during the clinical study. The method of action of the anti-
TNF drug is anti-inflammatory. The drug is aimed at prevent-
ing or circumscribing downstream sequellae of sepsis. Typi-
cally, the anti-TNF drug is given in conjunction with a broad
spectrum antibiotic.

[0250] After the method of action is determined, discrete
clinical outcomes are chosen by a physician. The discrete
clinical outcomes chosen in this example are response (R),
non-response (NR), and four sequellae (disseminated intra-
vascular coagulation (DIC), acute respiratory distress syn-
drome (ARDS), acute liver failure (ALF), and acute renal
failure (ARF))

[0251] Twenty biomarkers representative of the medical
condition of the subject with confirmed or suspected sepsis
are chosen to define the discrete clinical outcomes. In this
example, the biomarkers fall into multiple categories to moni-
tor the different discrete clinical outcomes as defined by the
physician. Lipoprotein Binding Protein (LBP) biomarkers
measure infectious growth and the R and NR conditions. The
LBP biomarkers are LBP, TNF, CRP, IL-6, and IL-8. Biom-
arkers that are relevant to the DIC condition are von Will-
ebrand’s factor, Protein C, thrombin, procalcitonin, neop-
terin, and PAF-1. The biomarkers of the ARDS condition are
von Willebrand’s factor, IL-6, IL-8, IL-1, and TNF. The biom-
arkers of the ALF condition are ALT, AST, GGT, LDH, Alka-
line phophatase, bilirubin, and Protein C. The biomarkers of
the ARF condition are Creatinine and Cystin C.
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[0252] Using the biomarkers described in this example and
the corresponding historical data on the progression of sepsis
and the treatment of sepsis with anti-TNF therapeutics as well
as data from other subjects in the clinical trial, a cluster
analysis is performed. Each discrete clinical outcome is
assigned to a centroid of one of the clusters.

[0253] Before the subject is treated with the drug, the sub-
jectis assigned a position in the probability space based upon
the subject’s data from the twenty biomarkers. The probabil-
ity of the subject belonging to any of the discrete clinical
outcome classes is determined using the Mahalanobis dis-
tance, from whicha probability is calculated using a Bayesian
estimation. The result of this calculation returns six probabili-
ties corresponding to the six clinical outcomes of the
example. The position of the subject is determined by plotting
the six probabilities in the probability space.

[0254] The probability space corresponding to the six dis-
crete clinical outcomes is graphically displayed as a hexagon
in two dimensions. The physician establishes rules tracking
non-responsive subjects and possible advent of sequellae.
The rules are plotted on the hexagonal graph as lines as
illustrated in FI1G. 17. The medical condition of the subject is
based the subject data’s position and/or trajectory in the prob-
ability space.

[0255] InFIG. 17, the trajectories of two different subjects
are plotted. Subject 1 has a trajectory that starts with a high
probability of being a member of the DIC condition. How-
ever, as the subsequent time points are taken, the subject
trajectory moves away from the DIC condition and towards
the NR condition. When the physician notices the trajectory’s
speed and heading, at T=6, he raises the dose. At T=9, the
subject’s position in the probability space has a high prob-
ability of being part of the R condition. The physician
assesses the medical condition of the subject at any point in
time along the subject’s trajectory.

[0256] Subject 2 has atrajectory that begins in the middle of
the probability space and heads towards the NR condition at
T=1. However, at T=2, the subject’s position and trajectory
are in violation of the rule established by the physician and an
alarm is sounded. The alarm alerts the physician that the
subject has a high probability of suffering from one of the
dangerous clinical outcomes of sepsis.

Example 3
[0257] Diabetes and Insulin Sensitization
[0258] Subjects with non-insulin-dependent Type 2 diabe-

tes are treated with a commercially available insulin sensi-
tizer and are monitored for efficacy and safety wherein the
primary ADR of concern is congestive heart failure (CHF).
The subject is monitored over a course of time during the
clinical study. The method of action of the insulin sensitizer
involves re-establishing insulin sensitivity in the subject via
antagonism of a nuclear receptor in the adipose tissue and the
liver. The insulin sensitizer and method of action act to
increase glucose uptake in the peripheral tissues and thus
reduce the circulating glycemia.

[0259] A subject and a physician choose the best set of
discrete clinical outcomes and rules for the subject based on
personal information. The discrete clinical outcomes are
response (R), non-response (NR), and adverse drug reaction
(ADR). The ADR is congestive heart failure.

[0260] After the three clinical outcomes are chosen, biom-
arkers most representative of the medical condition of the
subject are determined by discriminant analysis. The biom-
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arkers representative of efficacy of the insulin sensitivity
treatment are glucose, insulin, adiponectin, and resistin. The
ADR of congestive heart failure identifies the representative
biomarkers as Brain natriuretic peptide (BNP), amino-termi-
nal-pro-BNP (N-BNP), atrial natriuretic factor (ANF), IL-1§,
Troponin-C, Cardiac fatty acid binding protein, Myosin light
chain-1, Myoglobin, MMP-9. Using these biomarkers and
the corresponding historical data on the type 2 diabetes, a
cluster analysis is performed. Each discrete clinical outcome
is assigned to a centroid of one of the clusters.

[0261] Before the subject is treated with an insulin sensi-
tizer, the subject is assigned a position in the probability space
based upon the subject’s data from the relevant biomarkers.
The probability of the subject belonging any of the discrete
clinical outcome classes is determined using the Mahalanobis
distance, from which a probability is calculated using a Baye-
sian estimation. The result of this calculation returns three
probabilities corresponding to the three clinical outcomes of
the example. The position of the subject is determined by
plotting the three probabilities in the probability space.
[0262] The probability space corresponding to three clini-
cal outcomes is graphically displayed as a triangle in two
dimensions. The physician and subject establish rules most
important to the individual diabetic subject. The rules are to
track the NR and ADR conditions. When the probability of
belonging to the ADR condition class increases beyond a
boundary defined by the rule, an alarm is triggered. The dose
is increased according to a rule when the subject has a high
probability of being a NR.

[0263] InFIG. 18, the trajectories of two different subjects
are plotted. Subject 1 has a trajectory that starts in the middle
of the probability space and then heads towards the ADR
condition. In this example, the subject may notice the trajec-
tory’s speed or acceleration and ask the physician if a change
in treatment is necessary. When Subject 1’s trajectory crosses
the dotted line towards the ADR condition, an alarm is trig-
gered. The subject may react by going to the hospital.
[0264] Subject 2 has a trajectory that heads towards the NR
condition. The dose of the insulin sensitizer is adjusted cor-
responding to the rules established by the physician and the
subject. After the adjustment of the dose, the trajectory head-
ing changes towards the R condition. The example illustrates
a method of the invention for monitoring a diabetic subject
taking a commercial insulin sensitizer and, with the help of a
physician, monitoring the subject’s own condition at home.

Example 4
[0265] Graphical Representation of the Clinical Outcome
of a Subject
[0266] The example demonstrates a method for communi-

cation of the results from the mathematical model to a user.
The method is to plot a series of points and vectors in a space
bounded by a polygon. The vertices of the polygon represent
the centroids of clusters of discrete clinical outcomes. The
position of the points represents the probability that the sub-
jectdatabelongs to each centroid. The probability of the point
belonging to the discrete clinical outcome is inversely pro-
portional to the distance of that point from the vertex. Since
the vertices represent all the significant clinical outcomes, the
sum of the probabilities for a given point must be 1.

[0267] A set of vectors is created where each value of a
vector represents the probability of membership in each of the
clusters. The modulus (magnitude) of the values is the prob-
ability and the argument (angle) of the vector points to a

Dec. 24, 2009

vertex, which are equally spaced. The vectors are summed
and the resulting point is located in the composite probability
space.

TABLE 1

Disctete Clinical cutcome

Time Point R NR ADRI  ADR2  ADR3
1 20 20 20 20 2
2 2510 25 20 2
3 30 10 20 20 20
4 40 10 10 20 2
5 50 10 10 10 2
6 60 10 10 10 10
7 80 10 5 5 0
8 100 0 0 0 0
[0268] For example, in Table 1, each row represents the

position of one point. The columns, labeled at the top, repre-
sent the probability that the point is a member of that cluster.
So, in the first row, the probability that the point is in cluster
“R” 1s 20%, that it is in the cluster “NR” is also 20%, and so
on.

[0269] Forthe data in the table a graphical representation is
created as illustrated in FIG. 19. We see that the surrounding
polygon has five vertices, each labeled as one of the columns
in the tabular data above. The first point of the set, at the tail
of the chain of arrows, is at the center of the drawing, indi-
cating that the percentage probability that the point is in any
of the clusters is the same as the others. In this example, as the
trajectory grows through time, the probability of the subject
data reaches a final point that has 100 per cent chance of being
in cluster “R” and zero per cent chance of being elsewhere.
Correspondingly, the final point is at the “R” vertex.

[0270] Additional information can be included in the out-
putofthe probability space, including the points representing
the data of the discrete clinical outcomes that defined the
clusters and centroids. FIG. 20 illustrates a graphical repre-
sentation of the cluster data points.

Example 5

[0271] Drug development is an extremely risky proposi-
tion. Over the last decade, the failure rates for clinical pro-
grams have been identified as high 90% with an amortized
cost of nearly one billion dollars per approved drug. These
failures are due to any number of factors. These include, but
are not limited to: a faulty hypothesis as to atarget’s role in the
evolution and pathophysiology of the disease; the testing of
that hypothesis in an inappropriate, and non-predictive, ani-
mal model; a faulty hypothesis regarding a compound’s
MOA,; inappropriate dosing schedules for individuals within
target subpopulations, including inappropriate pharmacoki-
netics/pharmacodynamics (PK/PD) characteristics; and
developing untoward physiological effects (for example,
Adverse Drug Reactions—ADRs) in some segments of the
patient population and thus decreasing the therapeutic index
for the compound in that population.

[0272] This example demonstrates using a Type 1 biomar-
ker for a compound within a particular therapeutic area to: (a)
validate the underlying hypothesis regarding the method of
action for the test compound; (b) identify, and then enrich, the
appropriate responder subpopulation in a confirmatory trial;
and (c) develop a truly adaptive dosing protocol based on the
individual PKs and PDs of the responder population.
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[0273] A real-time monitoring system is used identify the
emergence of these characteristic subpopulations earlier
rather than later, to efficiently manage and control the clinical
trial and allows the clinical research team make precise deci-
sions regarding trial management. On a patient by patient
basis, it dynamically identifies the compound’s effects in one
particular trial subject, and then physically titrating that
patient’s dosing regimen to accommodate a truly adaptive
“Learn and Confirm” model of drug development.

[0274] Longitudinal sampling of proteins is performed
with each patient, wherein the proteins represent both the
pathophysiology of the disease and the method of action of
the compound. A standard cluster analysis is applied at each
sample time point in the longitudinal sampling space that is
consistent with the evolutionary dynamics of the pathophysi-
ology of the disease, and the purported method of action and
PD of the test compound.

[0275] Identification of the dynamics of the emergence of
separate subpopulations within the trial sample population
can be performed with two complementary clustering statis-
tics: Cubic Clustering Criterion (CCC) and the Pseudo-F
which help the end-user establish the number of clusters
emerging within the geometry as demonstrated in FIG. 21.
[0276] The end-user uses both the statistics highlighted
above and a visual inspection of the cluster scatter plots to
make the final determination as to how many distinct sub-
populations exist in the clinical study. Guiding this determi-
nation will be a fore-knowledge of the number of treatment
(cohort) arms, and any fore-knowledge as to the character of
a possible ADR. The methodology will suggest a number of
clusters to the end user, and will then present each patient as
to his/her cluster assignment. The cluster assignment and the
known assignment of a patient to a treatment cohort or ADR
outcome are then used standard assignment statistics to cal-
culate both the sensitivity and specificity of the assignment
rule.

[0277] After determining that the clusters are reasonably
specific, the dynamic trajectories of the centroids of each
cluster are characterized, their separation speed, and the dis-
tribution of speed and directions of each patient in each clus-
ter. If, for example, one cluster of patients is fairly homoge-
neous in that they were all exposed to the compound at a given
dose, and if the distribution of distances, speeds, and direc-
tions, suggest that some may be slow responders, then the end
user may decide that those patients should receive a higher
dose.

[0278] Based on the assumptions developed herein, in
silico populations of virtual patients are created for each
hypothetical patient subclass. A time dependent Monte Carlo
simulation is run to identify the emergent clusters. After the
simulation is run, a new set of mean vectors and covariance
structures is established and the simulation studies are
repeated. The sensitivity and specificity of the clustering
assignment rule for each dynamic is measured and graphi-
cally plot as a receiver operator curve, wherein the diagnostic
variable will be the time at which the clusters were suggested.
[0279] Results of the emergent dynamics by Monte Carlo
simulation of the described methods described in this
example and results in the following emergent dynamics as
shown in FIG. 21. FIG. 21 demonstrates a dynamic subpopu-
lation emergence based on cluster analysis of a Monte Carlo
simulation of a two-cohort clinical design. At Time=4 there is
significant evidence for the emergence of two clusters while
by Time=8 the bifurcation is complete and the sensitivity and
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specificity of the method are both 100%. FIG. 22 demon-
strates plots of the cluster calling statistics versus the hypo-
thetical number of clusters at Time=4. FIG. 23 illustrates
markers of clinical effect with the segregation of the marker
space as a function of dose at the end point of a clinical study.

Example 6

[0280] Identification of Type 1 Biomarkers Indicative of
Periodic Dosing Regimes

[0281] Periodic dosing, as a therapeutic strategy, is a main-
stay for the treatment of many chronic diseases or conditions.
Foremost among these are anti-cancer chemotherapy regi-
mens and treatments for autoimmune diseases. Whether
therapeutically or in the context of an adaptive clinical trial,
the ability to both monitor and characterize efficacy and tox-
icity profiles for a particular dosing regimen in any given
patient provides the clinical professional important informa-
tion regarding the ultimate efficacy of his/her dosing strategy.
The benefit of such a feedback mechanism is that the feed-
back is timely and represents the mechanism of action and
clinical impact of the compound. For example, in cancer
chemotherapy, the feedback is provided by imaging technolo-
gies that help quantify tumor burden, which in many cases is
not timely.

[0282] This example characterizes the periodicity of the
molecular efficacy measures to identify trends and other mea-
sures of clinical relevance (for example, increasing refractory
response) to further aid in clinical decision making. As dem-
onstrated herein a real-time feedback monitoring system can
account for the periodicity of the dosing regimen and charac-
terizes any clinically trends in the data.

[0283] The system can be a statistically valid and robust
methodology which dynamically characterizes the time-de-
pendent profiles of molecular markers of drug activity in
periodically treated patient subpopulations which then uses
that information as a real-time feedback monitor for optimiz-
ing the therapeutic regimen.

[0284] The protein profiles of a treated population act in
accordance with the underlying hypothesis regarding a com-
pound’s mechanism of action, they should, as a conglomerate
pattern, reflect the periodicity of the treatment regimen, and
taken as a whole, act as a Type 1 biomarker for compound
activity at the site of action. Additionally, if there is evidence
that the periodic expression of these profile proteins changes
with time, the trend of that change allows a clinician to adjust
the dosing regimen for example in frequency and/or dosage to
individualize the therapy.

[0285] Applying a time series-based statistical methodol-
ogy to the longitudinal (within an individual patient) protein
profiles systematically accounts for the periodicity of a given
dosing regimen within an individual patient and using that
information to identify and characterize the emergence of any
clinically relevant trends in the response. This knowledge can
then be used to both monitor a therapeutic regimen in an
individual patient and to design and manage the dynamics of
an adaptive clinical trial.

[0286] By developing a valid longitudinal Type 1 biomar-
ker for a compound’s activity in the context of a periodic
dosing regimen will: (a) validate the underlying hypothesis
regarding the method of action for the test compound; (b)
identify potentially relevant clinical conditions comprising:
growing refractoriness to the compound, target response to
the regimen, and then adjust, as appropriate, the frequency or
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dosages of the treatment itself, and (c) develop an adaptive
dosing protocol based on the individual PDs of the responder
population.

[0287] Using real-time monitoring and feedback to identify
the emergence of these characteristic dynamics aids the cli-
nician to make more precise decisions regarding patient treat-
ment and/or trial management.

[0288] A statistical Time Series analysis is used to charac-
terize the periodicity or seasonality of marker proteins in a
patient subjected to periodic treatments similar to those
employed in cancer chemotherapy, weekly methotrextate
injections. The system adjusts for the seasonality of the data
train as shown in FIG. 24 and de-trends the responses as
necessary, a one or two lag differencing scheme as applied to
Autoregressive Integrated moving Average (ARIMA) Mod-
els, to characterize the actual response profile of the patient to
the therapy stream. FIG. 24 demonstrates patient data show-
ing the seasonality of two type 1 biomarkers over time. [ftwo
or more proteins markers are identified as markers, any tem-
poral relationships between them (for example without limi-
tation, the levels of drug in the blood and/or clinical readout)
can be identified and characterized using Distributed Lags
analysis in the same modeling context. Each analysis depends
on explicit characterization of the time-time correlations
observed in the time series, the Autocorrelation Function
(ACF) and its related Partial Autocorrelation Function
(PACF)). Each of these functions can be represented as a
vector of correlations which are functionally dependent on
the lag between measures. The functions can be used to iden-
tify linear trends in the data, periodicity in the data, and
nonlinear curvature dynamics in the data. The functions
themselves can be visualized for inspection using histograms
called correlograms. Once the data is de-trended and the
periodicity accounted for, the individual spikes in the marker
profiles are analyzed to see if the compound is working as
expected.

[0289] The first step involved in developing this methodol-
ogy is identifying those proteins that best represent both the
pathophysiology of the disease and the purported method of
action of the compound. Once established, these proteins are
sampled longitudinally in each patient.

[0290] Based upon the expected seasonality of the treat-
ment regimen and the frequency of the therapeutic dosages,
an appropriate sampling frequency is established to ensure
that the suspected periodic expression of the marker proteins
will be captured in the sample data sets.

[0291] The system automatically generates and inspects
difference time series with 0, 1, or two lag differences com-
prising ARIMA (0,0.0), ARIMA (0,1,0), and ARIMA (0,2,0)
models and compares them to the best fit through Root Mean
Square Error, thus appropriately de-trending the data to make
the series stationary. Once a stationary series has been estab-
lished, the de-trending parameters comprising the slope of a
linear trend line is estimated from the data, and an ACF and
PACF for the stationary series is generated.

[0292] Any periodic expression patterns are identified and
characterized as the period of the peaks and their subsequent
amplitudes. An example of this is shown in FIG. 25 demon-
strating a time series of a biomarker value versus the time of
chemotherapy delivery.

[0293] When multiple time series are involved comprising
two or more protein markers and/or levels of compounds in
the blood, a distributed lags analysis is performed to identify
and characterize the correlations between the series and their
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lags. The methodology identifies the dynamics of the emer-
gence of protein marker wave trains and to relate these back to
clinically relevant events and/or the dosing schedule of the
regimen.

[0294] A Monte Carlo simulation of the methods described
above using four time series were generated using a stationary
time series, a time series with linearly increasing slope, a time
series with exponentially decreasing affect to mimic patient-
drug attenuation, and a stationary time series with linearly
decreasing peaks, to model patient-drug adaptation or up-
regulation of metabolic pathways.

Example 7

[0295] Time to Fever Spike and Sepsis from Time Series
Measurements of Levels of Circulating Pyrogens and Other
Biomarkers.

[0296] A patient with Acute Myeloid Leukemia (AML)
undergoing in-patient chemotherapy was monitored using the
methods and systems described herein with sampling of
blood every fourto eight hours. The patient’s temperature was
also monitored frequently. IL-6 elevation (>1000-fold
between consecutive measurements) was found at time des-
ignated zero in Table 2 and a significant decline >30%
between consecutive measurements 14 hours later. Fever was
first noted eight hours later. The methods herein would have
anticipated the subsequent recognition of sepsis by 8 hours.

TABLE 2

Time,

hours Event
0.0 First elevation of IL-6
8.4 First fever

143 Significant decline in protein-C
223 Septic shock
27.2 Patient admitted to ICU

[0297] The system identifies the relationship between the
time to a fever spike during aggressive chemotherapy of leu-
kemia resulting in fever and dramatically changed levels of
circulating pyrogens (Protein-C, 1L-6, 11-1beta, TNF-alpha,
1L-10). This is performed by employing standard statistical
modeling methodologies. The system can be generalized to
other situations where sepsis occurs. It can also be employed
for other situations where significant disease processes and
outcome of therapy can be beneficially projected.

[0298] Science and engineering often involve using easy-
to-measure variables, called factors or independent variable
factors to explain or predict the behavior of other variables,
called responses. When the factors are few in number, not
significantly redundant (non-collinear), and have a well-de-
fined, functional relationship to the responses, one can use
multiple linear regression to characterize that relationship.
However, if any of these three pre-conditions should fail,
multiple linear regression may prove to be inefficient or sta-
tistically inappropriate. In that case, one may employ an
alternative model building strategy termed Partial Least
Squares Regression. This methodology is particularly useful
when there are many factors that might be highly co-linear,
and when the relationship between independent variable fac-
tors and dependent variable response is ill-defined. The aim of
this type of analysis is to construct a good predictive model.
[0299] Anticipating the time to a Fever Spike based on
statistical models using levels of several circulating pyrogens.
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FIG. 26 demonstrates the relationship between parameters
computed from circulating pyrogen levels measured over
time and/or and the time-to-spike (also labeled Lead Time).
The rate of change and shape of the parameters over time is
determined by the incidence, time of infection, extent of
infection, numbers of organisms, virulence of the organisms,
and the condition and genetic make-up of the patient. The
activation threshold is the point at which the body physiology
begins to generate a fever spike. The detection threshold is a
parameter level at which some therapeutic intervention is
indicated. The system determines the relationship between
the pyrogen levels and the dependent variable in the model,
Lead Time, enabling prediction of fever spike early enough to
intervene with beneficial outcome.

[0300] This method and data provides enables anticipation
of the time patients are most likely to experience a fever spike.
The physician can then preempt and/or ameliorate the onset
of the fever event, for example by providing prophylactic
antibiotic therapy.

[0301] The treatment of patients with Acute Myelogenous
Leukemia (AML) s used as an exemplary case. Such patients
are often treated with a course of induction chemotherapy
(in-patient chemotherapy typically using more than one drug
and intended to eliminate all cancer cells). An undesired
side-effect of the induction chemotherapy is usually febrile
neutropenia. This occurs because infectious microorganisms
can invade the patient due to the inactivation of active immu-
nity by the chemotherapy. The definition of febrile neutrope-
nia is the fever spike, a clinician defined state in which the
patient’s temperature measures greater than 39 degrees Cel-
sius or in a six hour period two consecutive patient tempera-
tures measured greater than 38.5 degrees Celsius.

[0302] Fever, as a defense mechanism, results from the
effects exerted on the hypothalamus by circulating cytokines,
called pyrogens. These cytokines emerge from the immune
system during an inflammatory response. The best known of
these are IL-6, IL-1 beta, and TNF-alpha. The purpose of this
example is to identify a pattern of circulating pyrogens lead-
ing up to a fever spike, and, from them, build a model that best
anticipates the time-to-spike.

[0303] The methods developed in the studies may be gen-
eralized to generate a monitoring means in other high-risk
disease states and therapeutic procedures.

[0304] The system builds a statistical model characterizing
the relationship between the time-to-spike and the circulating
levels for two particular pyrogens, IL-6 and 1L.-1 beta. The
system, while independent of measurement means, requires
frequent sampling in the period prior to the fever spike (any-
where from 3 to 6 measures per day).

[0305] The first step involved in developing the methodol-
ogy requires one characterization of fever in well defined
categories and to identify, as closely as possible, the time of
the first fever event. The definition chosen was that either the
patient’s temperature measures greater than 39 degrees Cel-
sius or in a six hour period or two consecutive temperatures
are recorded greater than 38.5 degrees Celsius.

[0306] Individual patient data for the circulating levels of
1L-6, IL-1 beta, and TNF-alpha and other biomarkers were
recorded in a database, based on the sampling interval. The
samples in the study (3 measures per day at 8-hour incre-
ments) were subjected to post hoc analysis, and used to popu-
late the model.

[0307] These markers were selected based upon a number
of current studies which show that patients with Sepsis Syn-
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drome have elevated levels of circulating IL-1 beta, IL-6, and
TNF-alpha when compared with critically ill patients without
sepsis and normal controls (Casey, L. Annals of Internal
Medicine (1993) 119;8:771-778).

[0308] IL-6 predominately regulates the synthesis of CRP
made by the hepatocytes (liver) in the acute phase response.
Transcription of CRP is also regulated somewhat by TNF and
IL-1. CRP is a pentraxin protein which binds to phosphocho-
line on bacterial cell walls, endogenous cell membranes, and
apoptotic bodies. Inflammation caused by infection/sepsis,
inflammatory and autoimmune disorders, traumatic injury,
and some malignancies, CRP is seen in increased amounts
making it a useful biomarker in monitoring sepsis and infec-
tion. CRP production is not affected by neutropenia. There is
an abundance of literature which focuses on CRP levels dur-
ing neutropenic fever and in diagnosing the severity of febrile
incidences.

[0309] Protein C is anti-coagulant protein that is synthe-
sized in the liver. It plays an important role in maintaining
coagulation homeostasis. Protein C is activated by thrombin
into an active protein which along with protein S and phos-
pholipid as cofactors, it cleaves coagulation factors VIII and
V thus inhibiting coagulation. Recently, Protein C’s anti-
inflammatory responses have been discovered.

[0310] Patients with sepsis and septic shock have Protein C
depletion which may have a role in the pathophysiology of
sepsis. Improvement was seen in a specific subgroup of
patients by counteracting Protein C depletion by the addition
of activated Protein C. Protein C can be used as a biomarker
in the diagnosis of sepsis in patients and as a therapeutic
agent. One study found that concentrations of Protein C are
proportionate with severity of neutropenic sepsis at fever
onset.

[0311] Ten adult leukemia patients receiving chemo-
therapy were enrolled. Blood samples were taken every 8
hours prior to the onset of the fever spike and then every 6
hours until the end of the observation period. Biomarker
analysis was performed on these samples. Patient sampling of
8 hours prior to fever spike and 6 hours after fever spike
observed.

[0312] A Partial Least Squares model was constructed
based on the pre-spike (36 hour window) measures for IL-6,
IL1-beta, and TNF-alpha and their sample-to-sample fold
changes. Given the data set derived from this study, a minimal
sampling period of 8 hours and a minimal window of 36 hours
pre-spike is sufficient to derive an anticipative model of the
time to spike.

[0313] Quantitative Biomarker concentration data was
derived using well known ELISA immunoassay known to
measure 1L-6, IL1-beta, and TNF-alpha. Concentrations
measured in pg/mL, and sample-to-sample fold changes in
concentration were recorded and analyzed as follows.

[0314] The concentration data were first visually inspected
for Gaussian normality. Because they were log normally dis-
tributed the data was transformed by calculating the log of the
raw data measures. Based on these measures, an initial Partial
Least Squares regression model was built that included all
three pyrogens and their fold changes from sample to sample.
This model characterized the amount of variation accounted
for in the covariance structures of the dependent vectors
(times-to-spike) and the independent vectors (pyrogen lev-
els). In this data set there were more independent variables
than degrees of freedom. To address the problem, standard
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statistical model building tools like top-down elimination and
bottom-up addition were employed.
[0315] The full model (IL-6, TNF-alpha, and IL-1beta, and
their sample to sample changes) accounted for the percentage
of the variation in the whole model covariance structure and
the percentage of the variance in the dependent variable
(time-to-spike). Using feature selection processes compris-
ing and not limited to bottom up model building and top down
model building, a series of seven sub-models were developed.
[0316] The chosen model included log(IL-6), log(IL-1
beta), log(sample-to-sample fold change IL-6), log(TNF-alp
and accounted for 93% of the total model covariance and
27.5% of the variance in the dependent variable (time-to-
spike).
[0317] The model is given by a standard multiple linear
regression equation with the following parameter set: inter-
cept=36.5; log(IL-6)=-8.0; log(IL-6 fold change)=2.4; log
(IL-1 beta)=-0.3; and log(TNF-alpha)=4.4. Each measure is
a point-in-time measure at the observed time-to-spike. For
example, 24 hours prior to the fever spike, the log of the
concentrations of IL-6, IL-1 beta, and their sample-to-sample
fold changes from the 30 hour time point are added to the
model using fitted parameters, meaning the coefficients of the
linear model.
[0318] The final model was selected from the seven total
sub-models because it accounted for the highest level of the
percentage of variance in the dependent vector. The final
model included log(IL-6), log(IL-1 beta), and the logs of their
sample-to-sample fold changes as anticipators of time-to-
spike. The size of the anticipative window of 36 hours was
selected by clinical relevance but is not limited to that antici-
pative window. The selected model equation is as follows:
Time-to-spike=36.6-8*log(IL6)+2.4*Log(IL-6 fold
change)-0.3*Log(/L-1 beta+4.4*Log(TNF alpha)

[0319] The results of the 10 patients were evaluated in this
example for their biomarker patterns in the 36 hours prior to
fever spikes. The data for each of the pyrogens and their
sample-to-sample fold changes are in FIGS. 27-32. FIG. 27 is
the IL-1 beta concentration versus time point number. F1G. 28
is the sample-to-sample fold change for IL1-beta versus time
point number. FIG. 29 is the IL-6 concentration versus time
point number, wherein patient 4 became septic. FIG. 30 is the
sample-to-sample fold change for IL-6 versus time point
number, wherein patient 4 became septic. FIG. 31 is the
TNF-alpha concentration versus time point number. FIG. 32
is the sample-to-sample fold change for TNF-alpha versus
time point number.

[0320] The model anticipated the time-to-spike in all
patients and explained the percentage of the variance
observed in the dependent variable. Patient 6 had ATRA
syndrome and thus is outside the patient population used to
construct the model.

[0321] The residual plot for patient 5 is given in FIG. 33.
Patient 5 has a fever spike and no decreasing markers. Tem-
perature in degrees C. (right scale) biomarker concentrations
given in pg/mL, wherein IL-6 is a 10-fold increase, not nec-
essarily indicating sepsis. An analysis of the residuals suggest
that the model anticipations for the period between 12 and 24
hours prior to the fever spike are non-systematic, meaning
randomly distributed about the zero-axis and the size of the
residual is no more than the percentage of the anticipated
time-to-spike, which is anticipated by the model using the
equation 1.
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[0322] For patient 4, the model anticipates a time-to-spike
of 3.3 hours when the actual time-to-spike was 7 hours, and,
at the other extreme, anticipates a time-to-spike 0£31.9 hours
when the actual time-to-spike was actually 34 hours as dem-
onstrated in FIG. 34. Patient 4 data points showing decreasing
Protein-C with increasing IL-6 just prior to fever spike. Nor-
malized parameter is the ratio of the (parameter value at time
t minus the lowest value in the range) to the difference
between the maximum and minimum value of the parameter.
A residual analysis for Patient 4 yields an excellent fit to the
data measured in patient 4, meaning the residuals are ran-
domly distributed about the zero axis, and no residual is
greater than 20% of the anticipated time-to-spike, as derived
from equation 1.

[0323] Inconclusionofthis example, induction cancer che-
motherapy is only one of the underlying etiologies of sepsis.
Others include, but are not limited to, severe burn and thermal
injury or traumatic injury. In burn and traumatic injury, the
patient expresses an alteration in the immune system result-
ing in a predominance of the T Helper-2 Lymphocyte pheno-
type, where the phenotype of the helper cell population
switches from Thl to Th2. This is termed the Thl-to-Th2
switch and makes the patient more susceptible to the onset of
infection. FIG. 35 is a schematic of the Thl-to-Th2 switch
and the cytokines representing each phenotype. Once the
patient becomes infected, if the underlying pathogen is iden-
tified, the rate and spread of infection can result in a systemic
inflammatory response which is called sepsis. If the pathogen
is unidentified, the inflammatory response is termed Systemic
Inflammatory Response Syndrome (SIRS). Thus, the under-
lying etiology of progression to sepsis can be captured as a
process divided into three physiologically distinct intervals:
Susceptibility to Infection, which is represented by the Th1-
Th2 switch, progression through infection, and the onset and
progression of sepsis/SIRS. The markers relevant to the
monitoring of each stage are shown in Table 3.

TABLE 3

Sepsis Onset and
Sequellae

1. Sepsis Onset
a. Protein C**
b. IL-1beta**
c. IL-6%*
d. Procalcitonin
e. IL-10
II. DIC
a. Von Willebrand Factor
b. Procalcitonin
c. Neopterin
d. TNF-a
e. Protein C
f. PAF1
g. (Pro)jThrombin
II1. ARF (Acute Renal Failure)
a. Creatinine
b. Cystin C
IV.ARDS
a. Von Willebrand Factor
b. IL-6
c. I1-8
d. IL-1
e. II-1ra (IL-1 receptor agonist)
f. TNF
V. ALF (Acute Liver Failure)
a ALT
b. AST
c. GGT
d. LDH
e. Alkaline phosphatase
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TABLE 3-continued

f. Protein C
g. Cytokeratin-18 fragments

[0324] FIG. 36 and FIG. 37 demonstrate that the system
uses an equation that is anticipative of sepsis using the
Squared Maholanobis distance equation and Bayesian Prob-
ability. The Squared Mahalanobis Distance is:

Djz(x):(pj—x)TE—l(pj) where j=1,2,3
and the Bayesian probability is:
Pr(j \x):exp(—O.Ssz(x))/E exp(0.5D2(x))

wherein 1 is the mean vector representing the centroid of the
patient population and j is the three different outcomes (sep-
sis, fever, infection).

[0325] FIG. 38 illustrates a graph in time of a plurality of
marker proteins for a patient in a sepsis trial. The time of the
onset to sepsis for this patient is marked and all patterns
leading up to that point are relevant to the determination that
this patient became septic.

[0326] FIG. 39 illustrates a bivariate time course of two
particular markers (protein C and C-reactive protein) in the
same patient. The change in direction in the center of the
graph represents a rapid onset of disease. In this example, a
patient rapidly deteriorated and was illustrated as septic in a
very particular region of the bivariate space. In this example,
the sampling intervals are fairly regular; therefore the length
of each line segment represents the rate of change of the
biomarkers in this particular space.

What is claimed is:

1. A method for characterizing the probability of a clinical

outcome of a subject, comprising:

a. constructing a probability space defined by a set of
discrete clinical outcomes, each of which is charactet-
ized by a statistical distribution of at least one biological
marker;

b. obtaining subject data corresponding to the at least one
biological marker; and

c. calculating the position of said subject data in said prob-
ability space, thereby characterizing the probability of
the clinical outcome of said subject.

2. A medical information system for subject data analysis

comprising:

a. an input device for receiving subject data and in com-

munication with a processor;

a storage unit in communication with the processor
having a database for: (i) storing data corresponding to a
probability space defined by a set of discrete clinical
outcomes, each of which is characterized by statistical
distribution of at least one biological marker; and (ii)
storing subject data corresponding to the at least one
biological marker;

. a processor that calculates the position of said subject
data in said probability space as a way of assessing the
probability ofa discrete clinical outcome of said subject;
and

an output device that transmits information relating to
the discrete clinical outcome of ¢) to an end user.

3. A method of characterizing a clinical outcome of a

subject comprising;

a. constructing a probability space within a server, wherein
the probability space is defined by a set of discrete clini-

b.

d.

23
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cal outcomes, each of which is characterized by the
statistical distribution of at the least one biological
marker;

entering data of a subject into the server, said data cor-
responding to the at least one biological marker; and

c. calculating the position of said subject data in said prob-

ability space thereby characterizing the clinical outcome
of the subject.

4. The method of claim 1 or 3, wherein at least steps b and
¢ are repeated at various time points to yield a trajectory
within a probability space, wherein said trajectory is indica-
tive of the likelihood of progression to the clinical outcome.

5. The method of claim 1 or 3 further comprising notifying
a medical personnel or the subject of a need for taking a
medical action upon assessing or characterizing the position
of said subject data in said probability space.

6. The method of claim 5 wherein the medical action
involves atleast one action selected from the group consisting
of altering a dosage of an existing therapeutic agent admin-
istered to said subject, administering a different a therapeutic
agent, and administering a different combination of therapeu-
tic agents.

7. The method of claim 5, wherein the notification is elec-
tronically transmitted.

8. The method of claim 5, wherein the notification is wire-
lessly transmitted.

9. The method of claim 5 further comprising, upon selec-
tion of the at least one action, performing an outcome analysis
for assessing a result of said selected action, and automati-
cally updating the probability of a discrete clinical outcome
of said subject.

10. The method of claim 4, wherein the various time points
cover a period of less than about 24 hours.

11. The method of claim 1 or 2 wherein the clinical out-
come is selected from the group consisting of complete
response (CR), partial response (PR), stable disease (SR),
non-response(NR), adverse drug effect (ADR), and drug tox-
icity.

12. The medical information system of claim 2, wherein
the end user is a medical personnel or the subject.

13. The medical information system of claim 2, wherein
the end user is from a pharmaceutical company.

14. The medical information system of claim 2, wherein
said output device transmits selected portions of the subject
data and the probability space in response to instructions from
the end user.

15. The medical information system of claim 2, wherein
the storage unit stores historical reference data of a plurality
of subjects in relationship to the at least one biological
marker.

16. The medical information system of claim 2, wherein
the data stored in the storage unit are selected from the cat-
egories consisting of pathology, anatomy, treatment option,
treatment outcome, pharmacological parameter, pharmaco-
kinetics parameter, psychological parameter, and genomic
information.

17. The medical information system of claim 2, wherein
the database is a public database.

18. The medical information system of claim 2, wherein
the database is an internal database.

19. The medical information system of claim 2 wherein the
information transmitted by the output device is encrypted.

20. The medical information system of claim 2 comprises
a network.

b.
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21. The medical information system of claim 2, wherein
the input device and/or the output device comprises a user
interface that can remotely access the network.

22. The medical information system of claim 2, wherein
the processor calculates the position of said subject data in
said probability space as a way of assessing the probability of
a discrete clinical outcome of said subject.

23. The medical information system of claim 2, wherein
the input device coniprises a touch screen.

24. The medical information system of claim 2, wherein
the input device comprises a data entry portal or a keyboard.

25. The medical information system of claim 2, wherein
the subject data are textual or numeric.

26. The medical information system of claim 25, wherein
the textual or numeric information is solicited from the end
user.

27. The medical information system of claim 2, wherein
the subject data represent measurements of the at least one
biological marker present in a bodily fluid.

28. The medical information system of claim 2, wherein
the subject data represent measurements of the at least one
biological marker present in blood.

29. The medical information system of claim 2, wherein
the subject data represent measurements of the at least one
biological marker present in blood.

30. The medical information system of claim 29, wherein
the measurements are obtained by a point-of-care device that
is operated by the subject.

31. The medical information system of claim 30, wherein
the measurements are taken at various time points to yield a
trajectory within the probability space, wherein said trajec-
tory represents a time series of the assessed clinical outcome.

32. The medical information system of claim 31, wherein
the information transmitted by the output device represents an
assessment of the clinical outcome of said subject at a single
time point.

33. The medical information system of claim 31, wherein
the information transmitted by the output device represents a
time series of the assessed clinical outcome.

34. The medical information system of claim 2, wherein
the output device comprises an automatic alert system.

35. The medical information system of claim 34, wherein
the automatic alert system is programmable by the end user.

36. The medical information system of claim 34, wherein
the automatic alert system is programmable based on a pre-
defined protocol for a clinical trial.

37. The medical information system of claim 2, wherein
the subject data represent measurements of the at least one
biological marker present in blood.

38. The medical information system of claim 2, wherein
the end user is a health care provider.

39. The medical information system of claim 37, wherein
the health care provider is a Health Maintenance Organiza-
tion (HMO).

40. A computer readable medium comprising computer
readable instructions, which when executed cause a processor
to:

a. provide a probability space defined by a set of discrete
clinical outcomes, each of which is characterized by a
statistical distribution of at least one biological marker;

b. obtain subject data corresponding to the at least one
biological marker; and
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c. calculate the position of said subject data in said prob-
ability space to assess the probability of a clinical out-
come of said subject.

41. The computer readable medium of claim 40, wherein

the instructions operate in a software runtime environment.

42. The computer readable medium of claim 40, wherein
the instructions when executed further causes a processor to
provide a user defined alert condition based on an assessment
of trajectory parameters of the subject data in the probability
space, wherein said trajectory parameters are at least one of
speed, acceleration, direction, and position.

43. A method of predicting the occurrence of a medical
condition that requires medical intervention, the method
comprising:

a. measuring concentrations of a first set of biomarkers
present in a subject and measuring one or more physi-
ological indicators of said subject at a given frequency,
wherein the first set of biomarkers are suspected to be
predictive of the medical condition;

b. based on the concentrations measure in (a), generating
from the first set a subset of biomarkers that are more
correlative with the occurrence of the medical condition
and/or a new frequency of measurement of the biomar-
kers; and

c. measuring concentrations of the subset of (b) and/or
following the new frequency of measurement of one or
more biomarkers, thereby predicting the occurrence of
the medical condition.

44. The method of claim 43 further comprising analyzing
data reflecting the concentrations and/or the physiological
indicators with multivariate statistical software.

45. The method of claim 43, wherein the biological mark-
ers are present in a biological sample of said subject.

46. The method of claim 45, wherein the biological sample
is diluted by an appropriate fold.

47. A method of monitoring sepsis development of a sub-
ject comprising:

measuring at least two parameters selected from the group
of (1) body temperature of said subject, (2) protein C
concentration of said subject, (3) interleukin 6 (IL-6)
concentration of said subject, multiple times to yield a
trend of temperature, protein C trend, and/or 1L-6; and

wherein an increase beyond normal body temperature, a
decrease in protein C concentration and/or anincrease in
IL-6 concentration is indicative of the development of
sepsis in said subject.

48. The method of claim 47, wherein a decrease in protein

C followed by an increase of IL-6 is indicative of the devel-
opment of sepsis in said subject.

49. The method of claim 47, wherein a decrease in protein
C followed by an increase of IL-6 and an increase beyond
normal body temperature is indicative of the development of
sepsis in said subject.

50. The method of claim 47, wherein at least about 10-fold
increase in IL-6 concentration in said subject is indicative of
the development of sepsis in said subject.

51. The method of claim 47, wherein at least about 100-
fold increase in IL-6 concentration in said subject is indica-
tive of the development of sepsis in said subject.

52. The method of claim 47 further comprising the step of
increasing frequency of measuring 11-6 concentration upon
an increase beyond normal body temperature and/or a
decrease in protein C concentration.
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53. The method of claim 47, wherein the frequency is
increased to once a day, once every 12, 8, 6, or 4 hours.

54. A method for characterizing a medical condition of a
subject, comprising:

a. obtaining a first set of subject data comprising at least
one biological marker and at least one physiological
parameter from the subject;

b. determining the probability of a medical condition of the
subject using the first set of subject data obtained,

c. selecting a second set of subject data from the probability
of the medical condition; and

d. obtaining the second set of subject data from the subject,
thereby characterizing the medical condition of the sub-
ject.

55. A method for characterizing periodicity of a clinical

condition of a subject, the method comprising:

a. identifying a set of biomarkers for a clinically relevant
condition;

b. obtaining longitudinal subject data corresponding to at
least one biomarker in said set to obtain a trend of the
subject data;

c. analyzing said trend to identify periodic changes inthe at
least one biomarker;

d. measuring values of peak measurements of the periodic
changes of the trend; and

e. characterizing the values of the peaks thereby character-
izing the periodicity of the clinically relevant condition.

56. The method of claim 55, wherein the analyzing step
comprises developing an ARIMA model to determine a dif-
ferencing lag in the underlying model.

57. The method of claim 56, wherein the differencing lag is
used to de-trend the trend and establish a stationary trend.

58. The method of claim 55, wherein the analyzing step
comprises calculating an autocorrelation function.

59. The method of claim 58, wherein the measuring step
comprises identifying the statistically significant peaks in the
autocorrelation function.

60. The method of claim 55, wherein the analyzing step
comprises calculating spectral density.

61. The method of claim 60, wherein the calculating spec-
tral density is performed using a Fast Fourier Transform.

62. The method of claim 55, wherein the measuring step
comprises identifying the power spectrum of the maximum
spectral density frequency.

63. A method for monitoring subject response to therapy
comprising:

a. obtaining longitudinal subject data corresponding to at
least one biomarker in a set of biomarkers for a clinically
relevant condition to obtain a trend of the subject data,
wherein the subject data is obtained from a subject
receiving a therapy;

b. monitoring periodicity of the trend; and

c. corresponding the periodicity to a response to the
therapy received by the subject.

64. The method of claim 63, wherein the therapy is a

periodic dosing regimen.
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65. The method of claim 63, wherein the response to the
therapy is characterized by a time-dependent behavior of
peak levels of the trend.

66. The method of claim 65, wherein the time-dependent
behavior is substantially constant.

67. The method of claim 65, wherein the time-dependent
behavior is changing linearly.

68. The method of claim 65, wherein the time-dependent
behavior is changing exponentially.

69. A method for characterizing the emergence of clini-
cally relevant subpopulations of patients exposed to a thera-
peutic agent, the method comprising:

a.identifying a set of biomarkers in a blood sample that act
as surrogate markers for the therapeutic agent;

b. measuring the set of biomarkers longitudinally from a
group of patients exposed to the therapeutic agent;
identifying distinct clusters in a multivariate clustering
space of the measured values of the set of biomarkers
from the group of patients;

d. determining the rate of separation of the distinct clusters
and measuring the distance between the distinct clusters
in a statistical manner;

e. obtaining patient information from the group of patients
to classify the patients in clinically relevant subpopula-
tions; and

f. comparing the distinct clusters to the clinically relevant
subpopulations to characterize sensitivity and specific-
ity of the distinct clusters to predict the clinically rel-
evant subpopulations.

70. The method of claim 69 further comprising identifying

a second set of biomarkers configured to improve the charac-
terization of the emergence of distinct clusters to predict the
clinically relevant subpopulations.

71. The method of claim 69, wherein the group of patients
exposed to the therapeutic agent are participants in a clinical
trial.

72. The method of claim 71, wherein the clinical trial is a
dose ranging trial.

73. The method of claim 71, wherein the clinical trial is a
part of an adaptive clinical trial.

74. The method of claim 73, wherein the adaptive clinical
trial is designed to characterize an optimal dosing regimen.

75. The method of claim 73, wherein the adaptive clinical
trial is designed to characterize an optimal responder popu-
lation.

76. The method of claim 71, wherein the measuring the
distance step comprises measuring the Mahalanobis distance
between the distinct cluster centroids.

77. The method of claim 71, wherein the measuring the
distance step comprises measuring the nearest-neighbors dis-
tance between the distinct clusters.

78. The method of claim 71, wherein the measuring the
distance step comprises measuring a Euclidean distance mea-
sure between the distinct clusters.

79. The method of claim 71, wherein the measuring the
distance step measuring a Manhattan distance measure
between the distinct cluster.
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