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Find the optimal representation for the signal 
set {SO} based on the model for S. The 
representation results in a basis set B and a 
set of discrete probability distribution over the 
~ange of values for A and f - call this P(A,f). J 

;,,,.,,. .... "'"" "' {$1) - ~. ,,,,,W 
set learned from {SO}. This representation 
results in a probability distribution for A and f. 
Call this Q(A,f). Recurse over the 
representation B and refine it so that the 
mutual information of P and 0, l(P,O), is 

,;,im"8d ~ 

Repeat the process with {S2). (S3). etc - That 
is, maximize the mutual information between 
the signal set, say {S2) and {SO}, but with an 
additional constraint - minimize the mutual 
information between consecutive signal sets. 
The additional constraint does not apply to 
{SO},{S1}. ) 

_W 
information over the pairwise set of {SO}, {Si} 
(as above) is maximized while the pairwise 
mutual information {Si},{Sj} is minimized (as 
above). We use the final basis set B to specify 
regions of interest. Roughly speaking, this is 
the region for which we could not make 
predictions before the first data set after LPS 
injection was observed, but could make 
increasingly better predictions afterwards. 

To simplify the presentation, we introduce a more streamlined 
notation that Is based on the discussion of the previous page. 
We write {SO} to refer to the set of signals at time t=O, similarly 
{S1} means all signal at time t=1. etc. {SO} Is a special set as 
It contains signals at time t=0 as well as signals that come 
from the control group. The algorithm recursively 
approximates the probability of model parameters subject to a 
global optimality condition. I call the algorithm Recursive 
Probabilistic Pursuit (RPP). 

Obtaining the optimal representation for the signals uses the 
RPP algorithm as well. In the intuitive language, to determine 
the optimal signal representation, RPP Is applied to the row 
that contains {SO} (previous page). Next, the basis is refined 
by applying RPP across the rows ({SO}.(S1}, etc.), while at the 
same time we use the constraints defined (left). 

The essence of the ideas in this algorithm is used to determine 
the pattern of metabolite changes (metabolome phase portrait). 
When constructing the metabolome phase portrait. a different 
set of probabilistic constraints must be imposed. 

FIG.3C 
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G: Glucose 
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NONINVASIVE MEASUREMENT AND 
IDENTIFICATION OF BIOMARKERS IN 

DISEASE STATE 

2 
between metabolite patterns and early disease onset, facili­
tating more robust points for therapeutic intervention. 

Cachexia is a physical condition characterized by weight 
loss, body wasting and anorexia associated with the host 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

This application claims the benefit under 35 U.S.C. 119( e) 
of U.S. Provisional Patent Application No. 60/896,645 filed 
on Mar. 23, 2007. 

5 immune response. Cachexia is commonly associated with 
any one or more underlying disorders such as cancer, infec­
tious disease (AIDs, tuberculosis), and certain autoimmune 
disorders. Cachexia is a particularly useful pathological con­
dition to model because its underlying biochemical pathways 

STATEMENT REGARDING FEDERALLY 
SPONSORED RESEARCH OR DEVELOPMENT 

10 and associated biomarkers have been well-studied (Butz et al. 
(2006)). Cachexia is readily induced experimentally in ani­
mals by injection of bacterial lipopolysaccaride (LPS). The 
disease is known to be catabolic to muscle tissue and 
depresses growth via immune stimulation. The basic platform 

The invention was made with United States government 
support awarded by NIH GM066326. The United States has 
certain rights in this invention. 

15 technology of utilizing biomarker profiles as a function of 
disease state in an assay for assessing disease state in a subject 
is demonstrated for cachexia. 

BACKGROUND OF THE INVENTION 
Immune response to endotoxin has been studied (e.g., 

Krabbe et al., Clinic. Diag. Lab. Immun. (2001) 8: 333-338). 

The present invention is in the field of identification of 
disease states by measuring levels of biomarkers that are 
associated with the disease state. 

20 For example, Krabbe et al. shows the change in body tem­
perature, TNF-a, sTNFR-I, circulating monocytes and a vari­
ety of interleukin family members after endotoxin adminis­
tration. Waters et al. (Chem. Res. Toxicol. 2005) discloses 
NMR-detected changes for a number of substances in urine, The complex networks of biochemical processes that 

underlie living systems are amenable to analysis to determine 
the state of the living system. For example, under a patho­
logical challenge, there is a shift in these networks as the 
pathogen affects the system and the system responds to the 
challenge. For example, various genes involved in different 
disease processes have been studied and modeled in an 
attempt to further understand drivers of complex disease 
states (see, e.g., U.S. Pub. No. 20060241869). As underlying 
biochemical processes change, there is an attendant change in 
biological substances that are consumed or produced as the 
system is challenged. Depending on the specific type of cha!- 35 

lenge, including bacterial versus viral and different bacterial 
strains, the levels of different biological substances change. 
Biological substances that change depending on the patho­
logical condition or "disease state" are referred to as "biom­
arkers." The invention relies on measuring one or more biom- 40 

arkers associated with the disease state from a biological 
sample in order to assess the subject's disease state and spe­
cifically address the need in the art for fast and reliable assays 

25 blood plasma, renal cortex, and liver in rats following thioac­
etamide treatment. Those studies, however, do not provide 
comprehensive information about biomarker profile changes 
as a function of disease progression, ranging from onset to 
recovery, required in a commercially-feasible assay of 

30 cachexia and related catabolic diseases. 

of disease states in order to prevent, treat or eliminate infec­
tion. Developing a refined biomarker phase portrait platform 45 

is useful for early diagnosis of complex diseases with high 
specificity and sensitivity. 

Biomarkers are potential tools for assessing disease state 
and associated therapeutic decision-making on a patient-by­
patient basis. Due to the enormous network complexity 50 

underlying biological processes, there is a need in the art for 
understanding biomarker profiles or fingerprints associated 
for a specific disease. Without this basic understanding, the 
vast number of potential biomarkers associated with a disease 
can overwhelm the ability to rapidly and efficiently determine 55 

disease state. There are growing concerns that the rising 
expenditures in pharmaceutical research and development are 
not sustainable if sufficient gains for industry or society at 
large are not realized. Thus, there is a need for development of 
bioinformatics and associated methods that go beyond the 60 

mere collection of massive amount of data. Instead, there 
needs to be a focused effort on how biomarkers, personalized 
medicine, and the industry can successfully interact to create 
feasible clinical solutions. The methods and associated kits 
presented herein rely on parameterized biochemical pathway 65 

models reconstructed from the combination of collected data 
to provide a richer context in which to interpret associations 

The biomarker profile analysis of the present invention is 
capable of providing information not currently available in 
other assays known in the art. For example, because viruses 
and bacterium have unique effects on certain biochemical 
pathways, assays relying on measured biomarker profiles 
provide the ability to distinguish between bacterial and viral 
infections. This is an important aspect and is needed in the art 
in combination with rapid and reliable assays order to prevent 
unnecessary antibiotic use ( and attendant bacterial resistance 
development) for situations where the disease state has a viral 
origin. 

SUMMARY OF THE INVENTION 

The invention generally allows for rapid measurement of 
early onset or progression of disease by identifying and/or 
measuring a plurality ofbiomarkers from a biological sample 
obtained from a subject who is undergoing testing for the 
disease. Under disease conditions, there is a shift in the nor­
mal biochemical pathways as different signals associated 
with the immune response are up- or down-regulated, and a 
variety of amino acids are produced and/or consumed. Exam­
ining the changes of a variety of biomarkers provides infor­
mation about the status of the subject from which the biom­
arkers are obtained. Understanding how biomarkers change 
( e.g., increase, decrease, no change) with disease progression 
permits generation of a standard metabolome phase portrait 
("MPP") specific for the disease. In particular, biomarker 
profiles change with disease progression so that by measuring 
a single biological sample at a single point in time permits 
verification ( e.g., disease or no disease), disease typing, and 
characterization of a disease state ( e.g., early or "onset" ver­
sus late or "recovery" phase). 

The methodology upon which the invention rests is useful 
for any of a variety of diseases or other catabolic process. In 
an aspect, the invention is particularly useful for identifying 
the state of disease progression, such as onset or recovery, as 
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plasma. The samples are optionally further processed to 
maximize signal noise and improve signal detection. 

In an embodiment, cachexia is identified for a biomarker 
profile comprising one or more, two, three, four, five, six, 

5 seven, eight, nine, ten, eleven, twelve, thirteen, or all of: 
lactate reduction, citrate elevation, formate elevation, 
acetoacetate elevation, 3-hydroxy butrate elevation, alanine 
elevation, glutamine reduction, glutamate reduction, valine 
elevation, isoleucine elevation, leucine is elevated, thrionine 

well as readily distinguishing between bacterial and viral 
infections, based on the level of each of the biomarkers as 
well as their trend (increase, decrease or constant) with time. 
The invention can be combined with other techniques, such as 
stable isotope ratios naturally occurring in breath (e.g., U.S. 
Pat. No. 5,912,178), for assessing weather an individual is 
healthy or in a disease state. Disease states are detected by 
measuring changes in biomarker levels, and particularly, a 
plurality ofbiomarkers interrelated within a biological path­
way associated with the disease state. A particular disease 
state is characterized by detecting and analyzing complex 
signals from NMR spectra to determine biomarkers whose 
levels are changing as the disease progresses. This initial 
disease state assessment allows for "fingerprinting" the 

15 
dynamic changes associated with disease progression and 
assists in identifying the nature and current status of the 
disease progression and process. The methods and materials 
described herein are particularly suited for use with assays 
and kits to quickly, reliably, and inexpensively identify dis- 20 

ease state. With a disease state condition identified, appropri-

10 elevation, lysine elevation; and arginine elevation. The reduc­
tion or elevation is determined by comparing the measured 
biomarker level to a standard biomarker level or MPP. 

ate treatment regimes can be designed and implemented so as 
to reduce the disease time course and/or minimize disease 
outbreak. 

In an embodiment, a sample metabolome portrait is deter­
mined from the biomarker profile and the disease state is 
determined by fitting the sample metabolome portrait to a 
standard metabolome phase portrait, thereby determining the 
disease state. In this embodiment, the sample metabolome 
portrait provides a biomarker profile "snapshot" at a single 
timepoint, this metabolome portrait is fit to a standard 
metabolome phase portrait generated by controlled experi­
ment and known biochemical pathways as disclosed herein. 
For example, for an assay for a disease state of cachexia, the 
standard metabolome phase portrait can obtained from an 
animal model of cachexia, such as an LPS-injection model in 

25 mice, chicken, or mice and chicken. In an embodiment, the invention analyzes a biomarker 
profile within a biological sample obtained from a patient 
who is being tested for a disease. The specific biomarkers that 
are measured are determined from an analysis of the key 
biochemical pathways underlying the disease and the associ­
ated host immune response. In an embodiment, a standard 
biomarker profile is obtained from a healthy individual and 
from an individual with the disease. Comparing the biomar­
ker profile from the biological sample to the standard biom­
arkerprofile (healthy and disease) permits a disease state to be 
positively identified. Optionally, a second biological sample 35 

is isolated from the patient at a second time point or disease 
progression time point to obtain a biomarker profile trend 
(e.g., which biomarkers are changing between the first and 
second samples), thereby providing further information 
about the disease status or state of the patient. 

In an embodiment, the method is repeated for a second 
biological sample, so that two biomarkerprofiles are obtained 
from an individual at two different time points. Identifying 
individual biomarker changes provides information about the 

30 disease state in the individual. 
The biomarkers are detected by any means known in the art 

including, but not limited to, NMR ( one-dimensional or two­
dimensional NMR), mass spectroscopy, ELISA, microarrays, 
optical techniques, fluorescence labeling techniques, flow 
cytometry, chromatography, high pressure liquid chromatog­
raphy, capillary electrophoresis, chemical or biochemical 
sensors. Chemical sensor is used broadly to refer to devices 
capable of providing a quantitative or semi-quantitative mea­
sure of a chemical, and specifically a chemical that is a biom-

40 arker. 
In an aspect, ID NMR is used for partial identification 

and/or semi-quantification of metabolites or biomarkers. 2D 
NMR is optionally used to further investigate the status of 
metabolites or biomarkers. For example, if the ID-spectrum 
contains crowded or overlapping peaks, making biomarker 
identification difficult, 2D NMR provides a means for veri-
fying the identity ofbiomarkers or compounds. In addition, 
2D NMR provides a means for confirming and calibrating the 
semi-quantitated biomarker values. In an aspect, the inven-

In an embodiment, the disease state of cachexia is ana­
lyzed. In an embodiment, the disease state of sepsis is ana­
lyzed. Other biological pathways are amenable to the present 
metabolic analysis methodology so that other disease states 
are diagnosed as desired. Depending on the disease state, 45 

appropriate action can be employed to assist in decreasing the 
symptoms of the disease state and assist in decreasing the 
overall duration and/ or magnitude of the disease. The systems 
disclosed herein are capable of diagnosing any of a number of 
disease states, such polycystic ovary syndrome (PCOS). 50 tion provides identification of relevant biomarkers (including 

a subset ofbiomarkers or clique) for a disease state, such as by 
mathematical algorithms disclosed herein on a biomarker 
profile or biomarker metabolome phase portrait, for a disease 

In an embodiment, the invention is an assay or a method for 
diagnosing a disease state in a subject to-be-tested. The assay 
comprises detecting the level of a plurality ofbiomarkers in a 
biological sample obtained from the subject. The level of each 
of the plurality ofbiomarkers permits a biomarker profile to 55 

be determined, wherein relative and/or absolute levels of 
individual biomarkers as well as pooled biomarker types are 
noted. The biomarkerprofile is compared to a standard biom­
arker profile associated with the disease so that disease state 
is diagnosed. In an embodiment, the disease state is cachexia 60 

and the biomarkers are selected from the group consisting of 
lactate, citrate, formate, acetoacetate, 3-hydroxy butrate, ala­
nine, glutamine, glutamate, valine, isoleucine, leucine, thri­
onine, lysine and arginine. 

Any type of biological sample is used, so long as the 65 

sample contains the biomarkers of interest. In an embodi­
ment, the biological sample comprises blood or blood 

state and/or quantification or semi-quantification of the biom­
arkers. "Semi-quantification" refers to the relative amount of 
biomarker, such as whether a biomarker is increasing or 
decreasing with time, as well as whether a biomarker is at 
different level compared to another biomarker. 

In an embodiment, any of the disclosed methods and assays 
further involves determining a disease state progression. For 
example, whether the disease state is an early or onset stage 
versus a later recovery phase is determined by identifying 
where on the MPP time course the measured biomarker pro­
file lies. 

Because a pathology that is viral- or bacterial-based gen­
erates detectable difference in biomarker profile, any of the 
methods can be used to determine whether the disease state is 
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Depending on the disease state being tested for, a clique is 
chosen accordingly. Pathway can also refer to the direction 
the pathway is being driven, e.g., metabolism or catabolism, 
activation or inactivation. Furthermore, a clique can be fur-

associated with a viral infection or a bacterial infection. 
Because the disease state of cachexia involves fundamental 
biochemical pathways that are conserved across species, the 
invention is useful for assessing disease state in any of a 
number of different animals. The results from a plurality of 
animal models show the cachexia response is a conserved 
response. In an embodiment, the subject is a marmnal. In an 
embodiment, the subject is selected from the group consisting 
of poultry, bovine, swine, horse, sheep and human. 

5 ther subdivided into a subclique, wherein biomarkers within 
the clique are subgrouped to provide further detailed infor­
mation regarding pathway dynamics, for example, wherein 
certain biomarkers may be elevated or depleted. One example 
of a clique of interest is those biomarkers that provide an 

In an embodiment, the invention is a kit for assessing a 
disease state in a biological sample. The kit includes a means 
for measuring an amount of a plurality ofbiomarkers associ­
ated with the disease state. Means for measuring an amount of 

10 indication of toxicity or infection and include: citrate eleva­
tion, formate elevation, acetoacetate elevation, and 3-hy­
droxy butrate elevation, for example. 

In an aspect, the method detects one or more cliques at one 
or more different time points. For example, two separate 

15 biological samples are obtained at two different times from a 
subject being diagnosed for a disease state. A clique profile is 
determined by measuring each of the biomarker levels within 
that clique at each time point. The disease state is determined 
by comparing the clique profiles to a standard reference, or by 

a plurality ofbiomarkers includes any one or more of tech­
niques known in the art such as spectroscopy ( e.g., NMR 
spectroscopy, mass spectroscopy), ELISA, radioactive iso­
tope replacement. Also provided is a standard metabolome 
phase portrait for the disease state ( or information related 
thereto), wherein the standard metabolome phase portrait 
comprises changes in the relative amount ofbiomarkers as a 
function of disease progression. This standard MPP provides 
the basis for determining disease state by comparing the 
measured biomarker profile to the standard MPP. Means for 
identifying the disease state based on a comparison of the 
measured biomarker profile and the standard metabolome 25 

phase portrait spans relatively simple devices such as written 
instructions or tables for matching a profile pattern to a dis­
ease state, to algorithms incorporated with the biomarker 
profile output for automated fitting of the biomarker profile to 
the MPP. For example, a computer connected to the biomar- 30 

ker measuring device provides rapid and accurate capability 

20 comparing clique profiles at different time points, or both. In 
an aspect, the two or more cliques are related to different 
pathways. In an aspect, the cliques are selected from a path­
way that relates to toxicity, lipids, carbohydrates, ketogen­
esis, and immune response. 

of diagnosing the disease state. 
In an embodiment, the comparison between the measured 

biomarker profile and the standard MPP is by mathematical 
fitting of the amount of each biomarker to the standard 35 

metabolome phase portrait. Any of the kits or methods dis­
closed herein may be used for a disease that is cachexia. In an 
embodiment, the kit measures one or more biomarkers 
selected from the group consisting oflactate, citrate, formate, 
acetoacetate, 3-hydroxy butrate, alanine, glutamine, 40 

glutamate, valine, isoleucine leucine, thrionine, lysine and 
arginine. In an embodiment, the standard metabolome phase 
portrait is from an LPS-injectionmodel of mouse, chicken, or 
mouse and chicken. 

In an embodiment, a method of treatment of the disease 45 

state is provided based on the result(s) of the diagnosis from 
the kit or methods of the present invention. For example, for 
a disease state of bacterial origin, the subject can be pre­
scribed appropriate antibiotics. If the disease state is viral, the 
use of antibiotics is avoided. Treatment is further refined by 50 

determining whether the disease state is beginning or has 
peaked and is starting to recover. In general, early disease 
states tend to be conducive for disease transmission relative to 
later-stage disease states. Accordingly, the invention option­
ally provides information regarding the likelihood of disease 55 

transmission and so isolation and/or sterile steps are taken as 
appropriate to minimize further disease transmission. Treat­
ment includes whether drugs or other chemical compounds 
should be administered, including the kind, amount and dura­
tion of drug administration, as well as patient isolation and 60 

appropriate aseptic methods to minimize disease transmis-
S!On. 

BRIEF DESCRIPTION OF THE DRAWINGS 

FIG. 1 summarizes multiple metabolic pathways involved 
in the TCA cycle that form a highly variable and complex 
multi-parameter system. 

FIG. 2 contains NMR plots obtained from a biofluid 
sample at three different time points. Change in peaks is 
associated with changes in biomarkers. FIGS. 2B and 2C are 
close-up views of the spectra shown in 2A and more clearly 
show changes in particular peaks. 

FIG. 3A is a flow-chart summary of the methodology used 
to classify whether signals associated with a putative biom­
arker are changing or unchanging. FIG. 3B s=arizes an 
algorithm to identify biomarkers associated with a disease 
state by a probabibilistic analysis of a metabolome profile. 
FIG. 3C is a flow-chart representation of a Recursive Proba-
bilistic Pursuit (RPP) algorithm to determine patterns of 
metabolite changes, taking into account natural variability of 
biomarker levels within and between individuals. 

FIG. 4 is the NMR data of FIG. 2 wherein the methodology 
sUlllillarized in FIG. 3 has identified regions of interest that 
are changing with time. These regions are identified with 
arrows. The peaks associated with each of the arrows belong 
to molecules changing in the plasma after injection with 
endotoxin ( e.g., LPS). FIG. 4B is a close-up view of a region 
in FIG. 4A to more clearly show particular peak changes with 
time (0, 4 and 8 hours). 

FIG. 5 is a 1-D 1H NMR spectra showing changes in 
specific biomarkers from blood plasma with progression of 
disease state. The bottom plot (A) is for immediately preced­
ing endotoxin administration (0 hrs) and is a "normal" base-
line; the middle plot (B) is 4 hours after endotoxin adminis­
tration; the top plot (C) is 8 hours after endotoxin 
administration. Peaks corresponding to biomarkers of inter­
est are labeled accordingly. The experiment is recorded at 800 
MHz on a Varian Inova spectrometer equipped with a cryo-
genic probe. 

In an embodiment, the method of diagnosing a disease state 
in a subject relates to detection of one or more cliques. A 
"clique" refers to one or more biomarkers that are related to a 
pathway such as a lipid, carbohydrate, ketogenesis, immu­
noreactivity or toxicity pathway indication, for example. 

FIG. 6 is an illustration of the data mapping stage model 
containing 12 biomarkers and associated changes in each of 

65 the biomarkers with disease progression. For each node, cor­
responding to a putative biomarker, one of six states is iden­
tified as summarized in the legend. 
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FIG. 7 illustrates the significance of detecting and analyz­
ing the "no-change" node in FIG. 6 because for another 
sample at a different time point ( e.g., different disease pro­
gression state) the node labeled "change" has changed from a 
"no-change" state to a "decrease." In this manner, disease 5 

progression is determined by stacking models in a time-de­
pendent fashion. 

FIG. 8 summarizes the methodology for using changes in 
observed biomarker levels to reduce the total number of 
parameters in the metabolic network necessary to reliably 10 

model the network. 

8 
bacterial or viral), and the disease state ( e.g., progression, 
whether onset or toward recovery). 

FIG. 17A is NMR spectra of changes in six LPS treated 
mice (left to right traces, labeled LPS1-LPS6) for 3-OH B 
metabolite, with increasing time from bottom to top (0, 4, 8 
and 24 h). Increasing signals for 4 and 8 hrs indicate indi-
vidual immune response time and dynamics. B. Control 
saline treated mice (left to right traces for three experiments, 
salinel-saline 3) with increasing time from bottom to top. 

FIG. 18 is a large section NMR spectra of serum samples 
obtained from human control (bottom three traces) and 
human sepsis (top three traces) subjects. 

FIG. 19 focuses the NMR traces of FIG. 18 on the aliphatic 
region. The biomarkers are related to changing peaks are 

15 annotated. 

FIG. 9 is a pictorial overview of the process summarized in 
FIG. 8. Probabilistic metabolome flux analysis reveals impor­
tant dynamics of metabolic changes. The figure depicts a 
snapshot (at a single time point) for the dynamics of 13 
metabolites. The nodes have one of three states: constant 
(circles with thin border); increasing (thick border); and 
decreasing (gray-filled). The three "irregular" shapes within 
the map indicate the probability of change with positive 
change probability shown in lighter colors and negative 20 

change shown in darker shades. 
FIG. 10 shows the reduced model obtained from a biologi­

cal sample from a cachexia-induced subject. 
FIG. 11 illustrates that the reduced model of FIG. 10 forms 

a template for assessing biomarker patterns or profile as a 
function of time. The template is useful for providing baseline 
information on a disease state and is used to diagnose disease 
state for subsequent biological samples. Repeated measure­
ments of these biomarkers as a function of disease state pro­
gression (labeled as the time axis) generates a standard 
metabolome phase portrait for the disease state. The standard 
metabolome phase portrait is used to assist in diagnosing 
disease state when testing biological samples. 

FIG. 12 is an overall flowchart for identifying a condition. 
Patterns derived from a sample are mapped and a description 
of the continuous shape changes of the pattern obtained to 
identify the probability of the current state. 

FIG. 20 focuses the NMR traces of FIG. 18 on the aromatic 
region, revealing excess amounts of aromatic amino acids 
such as Tyr, Phe, Trp and His. 

FIG. 21 is a 2D 1 H-1 H TOCSY experiment that assists in 
metabolite identification. 

DETAILED DESCRIPTION OF THE INVENTION 

"Disease state" broadly refers to whether an individual is 
25 positive or negative for a pathogenic condition. In an aspect, 

disease state refers to specific disease types such as cachexia, 
as well as whether the disease has a viral or bacterial origin. 
"Disease progression" is a specific aspect of disease state that 
particularly refers to the time-course or progression of the 

30 disease state. Treatment regimes can be more specifically 
tailored depending on whether the disease state is in its early 
( e.g., "onset") stages or later ( e.g., "recovery") stages. 

"Biological sample" refers to isolation of tissue and/or 
fluid from a subject that is being tested for a disease state. Any 

35 biological sample can be used by the present invention, so 
long as the sample contains the biomarkers for the disease 
state being tested, such as blood, blood components, urine, 
saliva or breath. Preferred biological samples include blood FIG. 13 is a graph ofbiomarker changes as a function of 

time in mice injected with LPS ( data provided in Table 1 ). The 
y-axis uses a scale as defined in FIG. 6 (-2 significant 40 

decrease; -1 decrease; 0 no change; 1 increase; 2 significant 
increase) for a given biomarker. Each of the plots in A-H 
represents an individual biomarker (3-OHB-2, Acetoacetate, 
Ala-CH3, a-glucose, citrate, lactate-CH3, formate, glucose­
Ca, respectively) for three individual mice as a function of 
time (0-24 h) post-injection. Common biomarkers and their 
changes are conserved across species. I is a summary of the 8 
biomarkers change with time for an individual mouse. 

or blood plasma. 
"Biomarker" refers to biological compounds that are 

involved in one or more biological pathways that are associ­
ated with the disease state. Accordingly, for infections, the 
biomarker can be involved with pathways that regulate the 
host immune response. For a wasting and anorexia disease 

45 resulting from immune stimulation such as cachexia, the 
biomarkers can include various inflammatory mediators, and 
amino acid metabolites and/or catabolites associated with 
muscle breakdown. A "profile" ofbiomarkers or "biomarker 

FIG. 14 illustrates metabolic progression of healthy and 
disease biomarker trajectory over the course of disease from 50 

onset to chronic and steady-state condition. For certain patho­
genic conditions, an individual's immune response is capable 

profile" refers to the amount or concentration of two or more 
biomarkers. Such a profile provides useful top-level "fluxom­
ics" information about whether certain types or pools of 
biomarkers are elevated or depleted. A disease state can have 
a specific biomarker profile, and more particularly a time­
dependent biomarker profile. Accordingly, the biomarker 
profile is also referred to as a disease state "finger-print" that 
permits the identification of a disease state based on a mea-

of bringing the biomarker trajectory back to an initial state 
(e.g., "healthy"). 

FIG. 15 illustrates use of animal and clinical data in com- 55 

bination with metabolomics models from each species to 
form a single standard metabolome phase portrait. A standard 
metabolome phase portrait for a disease state is useful in 
assays and kits for diagnosing a disease state by measuring 
biomarker levels from a biological sample. 

FIG. 16 is a flow-diagram illustrating an embodiment of 
the invention wherein the standard metabolome phase portrait 
("MPP"), such as one developed as summarized in FIGS. 14 
and 15, is used to determine the appropriate biomarkers to 
measure within a biological sample. The biomarker pattern is 
compared or fit to the standard MPP to diagnose whether a 
disease is present, the type of disease (including such as 

sured biomarker profile. A biomarker that is "related to the 
disease state" refers to biomarker profiles that change 
depending on the disease state and provides a means for 

60 assessing a subject's disease state based on the measured 
biomarker levels. 

A "standard biomarkerprofile" refers to the fingerprint that 
is generated by a disease state and is useful for assessing 
whether or not a measured or determined biomarker profile is 

65 positive or negative for the disease state. Such standard pro­
files are obtained from subjects confirmed to have the disease 
state by other means known in the art ( e.g., cultures, anti bod-
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claim element. As used herein, "consisting essentially of' 
does not exclude materials or steps that do not materially 
affect the basic and novel characteristics of the claim. In each 
instance herein any of the terms "comprising", "consisting 
essentially of' and "consisting of' may be replaced with 
either of the other two terms. The invention illustratively 
described herein may be practiced in the absence of any 
element or elements, limitation or limitations which is not 
specifically disclosed herein. 

One of ordinary skill in the art will appreciate that starting 
materials, materials, reagents, synthetic methods, purifica­
tion methods, analytical methods, assay methods, and meth­
ods other than those specifically exemplified can be employed 
in the practice of the invention without resort to undue experi-

ies, etc.) or animal models known to mimic the disease state. 
For example, the disease state of cachexia is induced experi­
mentally by injection of bacterial lipopolysaccharide 
("LPS"). Klasing et al. (1984) Proc Soc Exp Bi9ol Med. 
176:285-91; Sharma et al. (1992) Am J Physiol Regul Integr 5 

Comp Physiol 262:R786-93; Butz et al. (2006) J Nutr Bio­
chem. 17(11):735-41. The metabolome phase portrait for a 
cachexia model is preserved across chicken and mice, in 
agreement with the observation that acute inflammation is 
conserved across species. In an aspect, the standard is an 10 

external, internal, or both reference. "Internal reference" 
refers to a standard obtained from the subject. "External 
reference" refers to a standard that is obtained from a control 
subject who is not the one being currently tested, and option­
ally is from a different animal species. 

Biomarker "reduction" or "elevation" refers to measured 
biomarker levels being changed relative to a standard biom­
arker level from a standard biomarker profile. Alternatively, 
the reduction or elevation can refer to changes in biomarker 
levels from two biological samples obtained from a subject at 20 

different times ( e.g., potentially different disease progression 
time points). 

15 mentation. All art-known functional equivalents, of any such 
materials and methods are intended to be included in this 

A series of measured biomarker profiles, each correspond­
ing to a disease state progression time point, are combined to 
generate a "sample metabolome phase portrait." A "sample 25 

metabolome portrait" corresponds to a single time-point 
biomarker profile. Similarly, a series of standard biomarker 
profiles are combined to generate a "standard metabolome 
phase portrait", as exemplified in FIG. 14. 

As used herein, the step of "comparing the profile" 30 

includes qualitative and/ or quantitative comparisons. A quali­
tative comparison includes relatively simple comparisons 
such as whether a biomarker has a higher, lower, or equivalent 
value compared to the standard. Quantitative comparisons 
include curve fitting, algorithms and other quantitative meth- 35 

ods known in the art. Such comparisons facilitate "diagnos­
ing" the disease state. Diagnosing refers to determining 
whether the sample is positive or negative for the disease 
state, and optionally the disease state progression and/or fur­
ther information such as whether the disease state has a bac- 40 

terial or viral origin. 
All references cited throughout this application, for 

example patent documents including issued or granted pat­
ents or equivalents; patent application publications; and non­
patent literature documents or other source material are 45 

hereby incorporated by reference in their entireties, as though 
individually incorporated by reference, to the extent each 
reference is not inconsistent with the disclosure in this appli­
cation (for example, a reference that is partially inconsistent 

invention. The terms and expressions which have been 
employed are used as terms of description and not oflimita­
tion, and there is no intention that in the use of such terms and 
expressions of excluding any equivalents of the features 
shown and described or portions thereof, but it is recognized 
that various modifications are possible within the scope of the 
invention claimed. Thus, it should be understood that 
although the present invention has been specifically disclosed 
by preferred embodiments and optional features, modifica­
tion and variation of the concepts herein disclosed may be 
resorted to by those skilled in the art, and that such modifi­
cations and variations are considered to be within the scope of 
this invention as defined by the appended claims. 

The invention involves the identification ofbiomarker pro­
files or biopatterns, as well as metabolome portraits, that 
indicate a condition of interest, such as a disease. The pro­
gression of a disease is a very complicated biological process 
that can impact multiple biochemical pathways throughout 
the body, including those associated with metabolic/catabolic 
processes as well as factors that regulate the host immune 
response. In particular, changes in a biochemical pathway are 
evident as changes in the different biomolecules within that 
pathway. Accordingly, the present invention relies on assess­
ing a condition by measuring paramater changes in the sys­
tem, such as changes in relevant biomarkers associated with 
the system. By identifying concomitant changes of multiple 
biomarkers, useful information is obtained as to the disease 
state. 

BIOCHEMICAL PATHWAYS. Metabolic pathways are 
complex multi-paramater systems having a large number of 
constituents with complex interaction between constituents 
such as positive and negative feedback loops. An example of 
one important metabolic pathway is the Krebs cycle (TCA, 

is incorporated by reference except for the partially inconsis­
tent portion of the reference). 

Every formulation or combination of components 
described or exemplified herein can be used to practice the 
invention, unless otherwise stated. All patents and publica­
tions mentioned in the specification are indicative of the lev­
els of skill of those skilled in the art to which the invention 
pertains. References cited herein are incorporated by refer­
ence in their entirety to indicate the state of the art as of their 
publication or filing date and it is intended that this informa­
tion can be employed herein, if needed, to exclude specific 
embodiments that are in the prior art. All tables attached 
hereto (e.g., Tables 1-2) are part of the specification. 

50 tricarboxilic acid, citric acid) summarized in FIG. 1. Major 
biochemical pathways that have carbohydrates, proteins or 
lipids as substrate and product are an integral part of the TCA 
cycle. The TCA cycle has been extensively studied since its 
original discovery and is complex, comprising multiple bio-

55 chemical pathways. Glucose is the primary precursor for the 
TCA cycle. Under normal healthy conditions, there is a bal­
ance between how much glucose is consumed from available 
food through the TCA cycle whose primary function is gen­
erating necessary energy for body. Excess amount of avail-

60 able glucose is converted to amino acids (to make new pro­
teins), glycogen (complex carbohydrate), and lipids. This 
condition is called the anabolic state and is identified as a net 
accretion of body mass. As used herein, "comprising" is synonymous with "includ­

ing," "containing," or "characterized by," and is inclusive or 
open-ended and does not exclude additional, unrecited ele- 65 

ments or method steps. As used herein, "consisting of' 
excludes any element, step, or ingredient not specified in the 

In a disease ( catabolic) state (marked by weight/muscle 
loss or wasting) various interacting pathways disturb the bal­
ance in the TCA cycle. For example, with onset of disease a 
catabolic state causes the body to consume its own resources 
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such as proteins, carbohydrates, and lipids. In this case, due to 
muscle loss, protein breakdown becomes rapid which results 

12 
cine (Leu, increased), thrionine (Thr, increased), lysine (Lys, 
increased), arginine (Arg, increased). The same experiment is 
conducted in mice and a similar pattern for most metabolites 
is observed (FIG. 13). Similar trends for both mice and 

in an increase in amino acid availability for making new 
antibodies (i.e new proteins to be used for defense mecha­
nism), or metabolizing excess amino acids for energy produc­
tion. Amino acids are categorized as essential ( obtained only 
from food) and nonessential which can be further categorized 
as either ketogenic or non-ketogenic. Metabolism of each 
category is different due to complex interacting pathways and 
their requirements for many different functions in body. 
Increased or decreased levels of various amino acids or their 
derivatives indicate affected pathways. Such changes are 
carefully interpreted with changes seen due to disease versus 
normal conditions. In this manner, a disease state is identified 
based on its underlying biomarker profile. 

5 chicken suggest that the response to LPS-injection (e.g. 
cachexia) is conserved across species. The increased level of 
essential amino acids indicates protein catabolism (protein 
break down). In addition, both Leu and Thr are ketogenic 
amino acids (i.e. they are products of fatty acid metabolism or 

10 break down). Nonessential amino acids such as Ala, Gin and 
Glu decrease due to normal metabolism through TCA cycle 
and further catabolism. Most of these metabolites are 
observed in mice. After 4 hours, these metabolites approach 
their steady state levels and completely recover by 24-48 

15 hours with metabolite profiles similar to the healthy group 
(see Tables 1 and 2; FIG. 13). These recovery periods in the 
metabolome are consistent with animal growth responses 
after LPS-induced inflammation (Butz et al., 2005). 

Major small molecule metabolites that can be identified by 
NMR spectroscopy are various intermediates and derivatives 
from protein, lipid, and carbohydrate metabolism. These 
metabolites are transient indicators of how the body is con­
suming self under disease condition versus normal healthy 20 

condition. After onset of disease, dynamics and magnitude of 
changes of metabolites in a time dependent manner provide 
excellent markers for following disease progression and iden­
tification of a fingerprint or biomarker profile that is charac­
teristic of a given disease. 

Infection caused by LPS results in macrophage break­
down and production (increased level) of3-OHB. Important 
metabolites that reflect infection state are formate, 3-OHB, 
citrate andACA. These are all "ketone bodies" which indicate 
protein break down or "self-consumption". Fatty acid break 
down also causes acetyl coA production which results in 

25 similar types ofketogenic metabolites. These metabolites are 
also observed in mice plasma samples due to LPS-induction 
which indicates conservation of similar pathways across spe­
cies. In humans, measles caused increased level ofhydroxy-

The invention uses various novel methods to achieve biom­
arker interpretations for diagnostic purposes, including: 1) 
Data extraction methodology with state-of-the-art math­
ematical methods. 2) Comparison of time-dependent plasma 
samples by NMR spectroscopy for both healthy and LPS- 30 

injected groups to gain information about dynamics of 
metabolites due to induction of inflammation. The normal 
variation present among and within individuals increases the 
difficulty in interpreting biomarker levels and disease state. 3) 
The specialized analysis methods presented herein overcome 
this obstacle. Broad understanding and correct interpretation 

butrate (2 and 3-OHB), along with AOA and acetone, indi­
cating macrophage breakdown and an infection state (Kano, 
K. and T. Ichimura, Increased alpha-hydroxybutyrate dehy-
drogenase in serum from children with measles. Clin. Chem., 
1992. 38(5): p. 624-7). In addition, this metabolite is also 
identified as a reliable indicator of diabetic ketoacidosis in 

of various biochemical processes and pathways are essential 

35 children (Bedside Monitoring of blood b-hydroxybutyrate 
levels in the management of diabetic ketoacidosis in children. 
A. Rewers, et al. Diabetes Technology and Threrapeutics, 
2006, 8: p671-676). in defining biomarkers relevant to disease. The results of the 

experiments provided herein indicate that the same molecules 
are changing within the LPS-induced group, however, they 
vary in their temporal profiles. Some individuals respond to 
inflammation faster than others. For example, FIG. 17 A sum­
marizes changes in 3OH-B metabolite as a function of time 
for six individuals. They produce certain metabolites faster 
and reach recovery state sooner. Others fall behind and follow 
similar changes at slower rates. The overall pattern ofbiom­
arker changes across all individuals with time indicate that the 
observed changes are due to inflammation rather than indi­
vidual variations. The control experiment in FIG. 17B indi­
cates that 3OH-B remains at a steady-state value without 50 

variation for each individual examined. 

Because the pathways involved in biological systems are 
40 extremely complex open systems, subject to individual vari­

ability based on conditions that are hard to model, it is diffi­
cult if not impossible to obtain a simple, straightforward and 
absolutely certain prediction based on a given biopattern. 
Instead, the models function to reduce possibilities and use 

45 probability pools to develop reliable biopattern dynamics and 
diagnostics. 

The biochemical pathways associated with the endotox­
emia/cachexia models interact in a complex and dynamic 
fashion. With disease onset, transient changes of metabolites 
occur over time until recovery when "dynamic equilibrium" 55 

is reached. Since variations among individuals exist both in 
their response to disease and normal experimental variations 
(peak positions slightly varies among samples due to sample 
preparation) each individual is used as his/her own control to 
minimize some of the variation. Observations indicate that 60 

the following metabolites change within the first 4 hours of 
onset of infection in chickens: Lactate (Lac, decreased), cit­
rate (increased), formate (increased), acetoacetate (ACA, 
increased), 3-hydroxy butrate (3-OHB, increased); nonessen­
tial amino acids: alanine (Ala, increased), glutamine (Gin, 65 

decreased), glutamate (Glu, decreased); and essential amino 
acids: valine (Val, increased), isoleucine (Ile, increased), leu-

Biomarker Identification: In order to obtain a metabolome 
phase portrait for a disease state, reliable and quantitative 
methods for identifying and measuring a plurality ofbiomar­
kers are used. A number of NMR and mass spectrometric 
techniques are employed. 1 H NMR spectroscopy is a useful 
technique in that it requires minimal sample preparation, 
while allowing for analysis of a wide range of compounds. In 
addition, the method can be applied with little prior sample 
composition knowledge. Because NMR is non-destructive, 
multiple experiments can be performed on the same sample 
including one- and two-dimensional NMR experiments, such 
as homonuclear (1H-1H), or heteronuclear (1H- 13C) correla­
tions to permit more definitive identification and character­
ization ofbiomarkers. These experiments are complemented 
by MS, which is better for identifying specific biomarkers by 
measuring low concentration metabolites and determining 
accurate molecular weights. 

Quantitative MS analysis requires special consideration, 
and several different strategies are employed for metabolite 
samples. Absolute quantification generally relies on addition 
of an internal standard. It is, however, impractical to add an 
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internal standard for every analyte in a comprehensive meta­
bonomics analysis. This issue is addressed by developing an 
isotopic labeling approach that enables relative quantification 
of broad ranges of analytes within a given functional class 
[Shortreed et al., 2006 Anal Chem 78:6398]. Relative con- 5 

centrations are determined by labeling one sample with an 
isotopically light reagent and another sample with an isoto­
pically heavy reagent and then mixing the two samples prior 
to liquid chromatography (LC)-MS analysis. Methylacetimi­
date and formalin are developed as molecular labels for rela- 10 

tive quantification of amines, and cholamine is developed for 
relative quantification of carboxylic acids (see U.S. Pat. No. 
5,912,178). The reactions between metabolites and labels 
proceed essentially to completion with little or no unlabeled 
compounds detected after labeling. These labeling reagents 15 

all yield chemical products readily ionized under the normal 
acidic conditions commonly used in positive-mode electro­
spray ionization LC-MS. Furthermore, all of them enhance 
ionization efficiency and concomitantly lower the detection 
limits of the compounds studied. These labeling strategies are 20 

successfully applied to several sample types including: seeds, 
plant tissues, blood plasma, egg lipids, cell extract and cell 
media. 

NMR and MS data analysis. High-resolution NMR spec­
troscopy is a powerful technique for examining metabolic 25 

variations in response to environmental perturbations, includ­
ing by a pathogen. To obtain relative quantitative information, 
these studies compare NMR signal intensities of control 
samples and treated or exposed ones. However, analysis of 
NMR data from complex biological samples presents cha!- 30 

lenges arising from variations of peak shape and positions due 
to changes in sample condition, which obscure the process of 
pattern discovery. To compensate for these changes, methods 
are used, including algebraic approaches (inversion of 
Hankie matrix), a host of warping techniques, and similar 35 

methods, as well as statistical and heuristic methods. This 
work applies to the similar problem that arises in LC-MS due 
to variations in retention times from chromatogram-to-chro­
matogram. Due to the massive amount of data generated by 
MS or NMR signals, the early data extraction is performed in 40 

a robust and unbiased fashion. Extracted data must parsimo­
niously satisfy a number of constraints at the same time as 
solving the inverse problem. These constraints include mod-
els of metabolic changes, fluctuations arising from pheno­
typic variations, temporal pattern of changes, and other noise 45 

inherent in a complex system. These requirements in the 
phase portrait methodology are addressed as described below. 

NMR spectra (ID) are collected rapidly and thus they are 
ideal for studying a large set of samples. ID spectra are 
crowded, however, and the variations mentioned above seri- 50 

ously confound the detection of important signals. Therefore, 
2D NMR data collection is often necessary in order to identify 
and quantify the important biological signals. For large 
sample sets, both the collection and analysis of2D NMR data 
are highly challenging. The process is optimized by using ID 55 

data to identify important regions of signal variation. Once 
important regions ( as well as their probability or significance) 
are identified, the search and identification of metabolites 
within the specified regions is rapid and efficient. Further­
more, once the signals of interest are identified, their resolu- 60 

tion and assignment, within 2D data sets collected for a small 
subset of the samples, are accomplished quickly. On the basis 
ofhaving assigned the key signals in the data subset, the larger 
1 D data set is studied statistically for unbiased sampling 

Phase Portraits. Certain mathematical frameworks have 65 

gained acceptance in the systems biology community, par­
ticularly for the study of metabolism. One approach that uses 

14 
constraint-based modeling imposes physico-chemical con­
straints on the metabolomics network to determine a feasible 
solution space in which the system must operate instead of 
attempting to calculate an exact phenotypic solution. One 
advantage of this method is that models and experimental 
data are more easily reconciled and studied on a whole-cell or 
genome-scale level. Other successful applications of these 
concepts include constrained models in conjunction with the 
second law of thermodynamics. To become the driving force 
in the biological discovery process, however, these 
approaches require detailed and lengthy examination of 
dynamic states of the metabolic system. This in turn requires 
a reasonably complete knowledge of aspects of the system in 
order to select correct models and data subsets. Experimental 
data sets must first be examined for their consistency against 
the underlying biology and chemistry represented in the mod­
els and then further tested and validated in the context of 
models to gain understanding of metabolism. Unfortunately, 
traditional approaches do not currently fully enable identifi­
cation of the key underlying biological mechanisms and thus 
do not allow generation of robust hypotheses which are sub­
sequently tested experimentally. 

NMR and MS provide point-in-time measurements of 
metabolites, dynamic analysis ofbreath samples offers a real­
time and global signature of some aspects of the metabolism. 
Dynamic data are used to reveal responses to perturbations 
that are not otherwise detectable. Furthermore, in complex 
diseases reverse engineering of biological networks take on a 
fundamental role. The phase portrait platform provides a 
probabilistic approach (see FIG. 3) to the identification of 
significant parameters of the biological network. To develop 
the metabolome phase portrait for a disease, a combination of 
NMR, MS and CRDS techniques to collect complementary 
data from plasma, urine, saliva, and breath are used. The 
metabolome phase portrait for cachexia is determined from a 
mouse and a chicken model from plasma by a combination of 
NMR techniques. 

For our analysis, we consider the following data set. At 
various time points, a number of samples have been collected 
and spectra that conveys the metabolome profile of the 
samples has been collected. The samples may include data 
from a control group. We consider the control group data, 
along with the data at time t=0, as indicators of "natural 
variability." It is not necessary to have the same number of 
spectra at each time point. The signals are denoted by Sti, 
where t is a discrete index for time and i is a second discrete 
index that identifies a specific signal at time index t. Each 
signal Sis modeled as the finite sum of decaying exponentials 
plus noise. A1 and½ are complex, and along with the number 
of signals n, are initially unknown: 

n 

S = ~ A1exp(fJ). 
j=O 

Noise is not modeled and is not assumed to be Gaussian. The 
goal of the probabilistic analysis algorithm is to find ranges 
for the complex part of the f where the corresponding A1 vary 
in time with a "high degree of predictability." The algorithm 
described in FIG. 3C is not dependent on a specific model­
other models could be selected, for example for mass spec­
troscopy. 

Labeled metabolites produce an isotopic signature in MS 
data that is readily identifiable. Relative quantification of 
metabolites is achieved by calculating the intensity ratio for 
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each isotopic pair identified by our software. Neutral masses 
are calculated by subtracting the mass of the label from the 
mass-to-charge (m/z) value. These masses are submitted to 
existing metabolite databases for potential identification. The 
nature of the labeling is to target an individual functional 5 

group ( either amines or carboxylic acids at this time), thus the 
identification is made easier by this knowledge. The pattern of 
isotope ratios serves as an input to the phase portrait. 

Normal phenotypic and environmental variations of 
metabolite profiles, which are usually referred to as noise, 10 

pose challenging obstacles to the identification of patterns. In 
the case of metabolites in biochemical pathways, the mea­
sured signals are the average state of reactants, and distur­
bance would arise as a consequence of the fluctuations around 
that average value. In this context, the disturbing effect of 15 

these fluctuations is reflected as "noise". This is distinct from 

16 
NMR2005 32:219; Eghbalniaetal. JBiolNMR2005 32:71]. 
The probabilistic methods assist in identifying spectral fea­
tures of high-resolution ID 1H NMR spectra and specifying 
regions of interest and probability of significance. Once such 
regions are located (FIG. 4 arrows), we rapidly identify the 
metabolites changing in response to the LPS treatment 
directly from the 1H ID NMR spectra or by analyzing the 
relevant regions in 2D NMR spectra such as 1 H-1 H TOCSY 
and 1 H-13C HSQC. These time-costly experiments are per­
formed when needed to reduce peak overlap in crowded 
regions, to enhance the information content and further con-
firm calibrations and biomarker identification. Of the thou­
sands of small molecules present in the samples that are 
detected by NMR, the approach herein identifies 14 biomar­
kers that changed in response to the LPS treatment. The 
plasma concentration of some of these biomarkers increases 
or decreases over time, while others initially increase then 
decrease or vice versa. Importantly the biomarkers that are 
identified vary independently over time. Thus the biomarkers 

large fluctuations in the system parameters that have very 
short characteristic times compared with those of other pro­
cesses. To deconvolve noise from phenotypic variations and 
construct a model of disease progression, the phase portrait 
approach transforms the data to a statistical space that reports 
on the "generic" or average metabolite concentration trajec­
tory of a healthy vs. affected (perturbed) system within a 
fluctuation envelope that characterizes natural variations ( see 
FIGS. 3 and 15). 

20 form the basis of an essentially orthogonal n-dimensional 
space (where n=the number of independently varying biom­
arkers) that is the core of the metabolome phase portrait. The 
phase portrait methodology incorporates the observed 
metabolites into a dynamic probabilistic network of interac-

25 tions to generate regulatory models that are checked for con­
sistency with our knowledge of the systems (FIG. 9). The role 
of probabilistic analysis in this case, as in the case of NMR, 
narrows the search and suggests approaches with a high prob­
ability of success. This general approach provides a powerful 

Inflammatory response is a widely conserved (Drosophila 
melanogaster to Homo sapiens) host defense mechanism 
designed to protect the body from invading pathogens. Tissue 
damage or invasion of a foreign pathogen initiates a complex 
cascade of events that defines the acute inflanmiatory 
response. Tissue macrophages are activated by cell surface 
pattern recognition receptors (Toll family receptors) that 
encounter an invading pathogen. Signaling via NF-KB and 
AP-1 pathways causes transcription and production of cytok­
ines tumor necrosis factor (TNF), interleukin (IL )-1 and IL-6 35 

and enzymes, e.g. inducible nitric oxide synthase (iNOs) and 
cyclooxygenase-2 (COX-2), that produce mediators of 
inflammation. TNF can appear in serum 20 minutes after an 
inflammatory stimulus. TNF, IL-1 and IL-6 further activate 
macrophages and neutrophils and act as potent chemotactic 40 

factors for additional immune cells. 
Stable isotope mass spectrometry reveals that carbon stable 

isotopes (1 3 C and 12C) are fractionated during the acute phase 
inflammation response in a process referred to as the kinetic­
isotope effect. During healthy periods, the 13COi12CO2 

breath ratio contains a higher concentration of 12CO2 . During 
acute inflammation, however, the body becomes catabolic, 
i.e. breaks down stored muscle tissue into its primary con­
stituents, amino acids. These amino acids are now both an 
energy fuel and source of acute phase proteins. Lighter amino 
acids are used as fuel, whereas the heavier amino acids are 
used for the synthesis of acute-phase proteins. Hence, the 
delta value of the breath becomes more negative. See Hatch et 
al., BBRC 1995 212:719; U.S. Pat. No. 5,912,178. 

30 means for analyzing and modeling multiple data sets from 
other experimental methods such as mass spectrometry to 
better understand network structures. 

An aspect of the biomarker results is the consistency of the 
findings with known metabolic pathways and processes 
involved in inflanmiation. The features of the NMR spectral 
information discovered using the unbiased probabilistic 
approach are consistent with previous findings obtained using 
the stable isotope methodology, thus assuring that the 
observed patterns are not due to healthy metabolome activity. 

Phase Portrait. The phase portrait approach incorporates a 
probabilistic methodology within the network system param­
eter identification to give a quantitative account of the dynam­
ics of a metabolic system without requiring any explicit infor­
mation about the functional form of the rate equations. This 

45 approach can overcome some of the challenges outlined 
above by essentially remaining only probably committed to 
any model or parameter value. To overcome the computa­
tional complexity that often plagues probabilistic 
approaches, the approach is based on constructing a local 

50 statistical model at each point in parameter space, such that 
each element of the model is either directly experimentally 
accessible or amenable to a straightforward biochemical 
interpretation. Then we glue the ensemble of local models, 
and enforce compatibility conditions in order to obtain a 

55 probabilistic exploration of the entire parameter space. The 
evolution of the points in the statistical manifold yields a 
"phase portrait". Other probabilistic methods for metabolic 
system analysis have been proposed [Li & Chan Faseb J 2004 
18:746], however, the method described herein differs sig-

The trajectory ofbiomarkers in chickens and mice follow­
ing lipopolysaccharide (LPS) injection which generates acute 
inflammation biomarkers, is used to further develop the phase 
portrait model for cachexia disease state. Serum samples that 
form the basis for these acute phase discoveries are analyzed 
using NMR spectroscopy (FIG. 4). A suite of 14 biomarkers 
and their trajectories are identified during an inflanmiatory 
response. The methodology developed herein facilitates a 
description of the trajectory and the pattern of responses to 
infection reliably. In order to extract the data in a reliable and 
robust manner, we use a probabilistic approach and auto- 65 

mated fast NMR data collection [Eghbalnia et al. J Am Chem 
Soc 2005 127: 12528] and analysis [Eghbalnia et al. J Biol 

60 nificantly in both approach and practice. The practical con­
sequence of the differences enables us to work with large and 
less certain model systems with possibly conflicting experi­
mental data or knowledge-based data. This feature enables 
the scalability and extendibility of the present approach. 

The metabolome phase portrait reveals the metabolic pro­
gression of cachexia over the course of disease progression 
from onset to recovery. Key biomarkers at each stage of the 
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disease are applicable to humans and useful for early diagno­
sis and development of treatment regimens. 

Polycystic ovary syndrome is another disease capable of 
analysis by the methods of the present invention. PCOS is 
characterized by infertility due to anovulation, abnormal 5 

secretion of androgens and other hormones, and insulin resis­
tance. PCOS is the most common female endocrine disorder, 
affecting four to seven percent of women in their reproductive 
years-the syndrome accounts for 75 percent of all anovula­
tions. PCOS has staggering adverse physiological, psycho- 10 

logical and financial consequences for women's reproductive 
health. The "metabolic analysis" method discussed herein 
permits detection and statistical modeling in changes in a 
subset of molecules within the body's total pool of metabo­
lites that are reliable, early indicators of PCOS. In particular, 15 

control samples are obtained from rhesus monkeys with 
PCOS, thereby generating a PCOS metabolome phase por­
trait, by means known in the art such as stable isotopes, NMR, 
MS, and advanced mathematical computation. 

The applicability of the processes disclosed herein for 20 

diagnosing disease state in humans is confirmed by examin­
ing biomarker profiles in samples obtained from humans in a 
disease state (see FIGS. 18-21). A similar biomarker trend is 
observed in human sepsis samples compared to the LPS­
induced animal data presented herein, with changes in flux of 25 

amino acids and organic acids between control and disease 
state. 

The human samples are human sera obtained from septic 
subjects and non-septic subjects ("control"). FIG. 18 demon­
strates that large changes in amino acids and other metabo- 30 

lites, consistent with the presented LPS-induced animal mod­
els, are observed in humans. The NMRregionofthe spectrum 
corresponding to the aliphatic region is presented in FIG. 19. 
Markers such as citrate (Cit) and lactic acid (Lac) are consis­
tent with the LPS experiments presented herein. There is an 35 

about 50% change for some of the amino acids in these septic 
patients. For example: Ala, Tyr and His ratios increase by 
>65%, >50%, >50% in sepsis versus control, respectively. 
Analysis of the aromatic region of the NMR spectra is pro­
vided in FIG. 20. Additional markers undergoing change that 40 

are not presently identified are labeled with a"*". Such puta­
tive markers of interest can be isolated and later identified as 
known in the art by any ofa variety of techniques (e.g., NMR, 
mass spectrometry, sequencing, etc.). One example of a tech­
nique used as part of a metabolite identification process is 45 

provided in FIG. 21 (2D lH-lHTOCSY). The outcome of the 
biomarker patterns and profile of the detected biomarkers are 
similar and follow the same trend for the different species 
examined herein, including birds, rodents and humans. 
Accordingly, the methods provided herein are compatible 50 

with detection and/or diagnosis of disease states for a wide 
range of species. 
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TABLE 1 

NMR-Data Entry for chicken and mice biometabolites (plotted in FIG. 13) 

Chicken formate 30HB-1 30HB-2 Acetoacetate lactateCH3 lactateCH 

weight 4 hour-> -1 2 -1 -1 
381 0 
382 -1 0 0 -1 -1 
384 -1 0 
385 -1 -1 -1 
386 2 
387 -1 -1 0 
388 
381 8 hour-> -1 -1 -1 -1 -1 
382 -1 -1 -1 -1 -1 -1 
384 -1 -1 -1 -1 -1 -1 
385 -1 -1 -1 -1 -1 
386 -1 -1 0 -1 -1 -1 
387 -1 -1 -1 -1 -1 -1 
388 -1 2 -1 -1 -1 

Chicken Glucose-Ca GlucoseCB Ala-CH3 Lys-1 aaCH3 

weight 4hour-> -1 
381 
382 -1 
384 -1 
385 0 0 -1 
386 2 
387 -1 
388 
381 8 hour-> -1 0 
382 0 -1 -1 0 
384 -1 0 
385 -1 0 0 
386 -1 0 0 
387 -1 -1 0 
388 -1 0 

Mice formate 30HB-1* 30HB-2* Acetoacetate lactateCH3 lactateCH 

Weight 4-24 hrs 
Saline 1 0 0 0 -1 0 0 
Saline 2 0 0 0 0 0 0 
Saline 3 0 0 0 -1 0 0 
LPSl 4hour-> 0 
LPs2 
LPS3 -1 -1 -1 -1 
LPs4 -1 0 -1 -1 -1 
LPS5 -1 -1 -1 -1 
LPS6 0 -1 -1 
LPSl 8 hour-> -1 -1 -1 -1 
LPs2 -1 -1 -1 -1 
LPS3 -1 -1 
LPs4 -1 -1 -1 -1 
LPS5 0 -1 -1 
LPS6 -1 0 
LPSl 24 hour-> 0 0 0 0 
LPs2 -1 0 0 0 0 
LPS3 0 0 0 0 0 
LPs4 0 0 -1 0 0 
LPS5 0 0 0 0 0 
LPS6 0 0 -1 0 0 

Mice Glucose-Ca GlucoseCB Ala-CH3 Lys-1 aaCH3 

Weight 4-24 hrs 
Saline 1 0 0 -1 0 
Saline 2 0 0 0 0 
Saline 3 0 0 0 0 
LPSl 4hour-> -1 -1 -1 0 0 
LPs2 -1 -1 -1 0 0 
LPS3 -1 -1 -1 0 0 
LPs4 -1 -1 -1 0 0 
LPS5 -1 -1 -1 0 0 
LPS6 -1 -1 -1 0 0 
LPSl 8 hour-> -1 -1 0 0 0 
LPs2 -1 -1 -1 0 0 
LPS3 -1 -1 0 0 0 
LPs4 -1 -1 -1 0 0 
LPS5 0 0 



US 8,026,049 B2 
23 24 
TABLE I-continued 

NMR-Data Entry for chicken and mice biometabolites (plotted in FIG. 13) 

LPS6 0 0 0 0 
LPSl 24 hour-> 0 0 0 0 0 
LPs2 0 0 0 0 0 
LPS3 0 0 0 0 0 
LPs4 0 0 0 0 0 
LPS5 0 0 0 0 0 
LPS6 0 0 0 0 0 

TABLE2 

NMR-Data Entry for mice biometabolites 

Mice formate 3OHB-1* 3OHB-2* Acetoacetate lactateCH3 lactateCH 

Weight 4-24 hrs 
Saline 1 same same same down same same 
Saline 2 same same same same same same 
Saline 3 same same same down same same 
New 1-2hrs 
saline 1 0 hr-> 0 NIA NIA 0 0 0 
m2 0 NIA NIA 0 0 0 
m3 0 NIA NIA 0 0 0 
Saline 1 1 hr-> 0.5 NIA NIA 0 
m2 2 NIA NIA 2 0 0 
m3 3 NIA NIA 0 0 
Saline 1 2 hrs-> 0 NIA NIA 2 2 2 
m2 -1 NIA NIA -1 
m3 -1 NIA NIA 1.5 2 2 
LPSl 4 hour-> up up up slightly down up up 
LPs2 up up up up up up 
LPS3 down up up down down down 
LPs4 down same up down down down 
LPS5 down high high down down down 
LPS6 same up up up down down 
LPSl 8 hour-> down high high down down down 
LPs2 down high high down down down 
LPS3 down high high down up up 
LPs4 down med high med high down down down 
LPS5 same down down up up up 
LPS6 down med high same up up up 
LPSl 24 hour-> same high same same same 
LPs2 down same same same same 
LPS3 same same same same same 
LPs4 same same down same same 
LPS5 same same same same same 
LPS6 same same down same same 

Mice Glucose-Ca GlucoseCB Ala-CH3 Lys-1 

Weight 4-24 hrs aaCH3 
Saline 1 same same slightly down same 
Saline 2 same same slightly up same 
Saline 3 same same slightly up same 
New 1-2hrs 

Citrate 

saline 1 0 hr-> 0 0 0 0 
m2 0 0 0 0 
m3 0 0 0 0 

citrate 

Saline 1 1 hr-> 0 0 0 
m2 
m3 -1 

0 
Saline 1 2 hrs-> 2 -1 
m2 2 2 2 
m3 0 0 

aaCH3 

LPSl 4 hour-> down down down missing data complex does not change 
LPs2 down down down 
LPS3 down down down 
LPs4 down down down 
LPS5 down down down 
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TABLE 2-continued 

NMR-Data Entry for mice biometabolites 

LPS6 down down down 
LPSl 8 hour-> down down same 
LPs2 down down down 
LPS3 down down slightly up 
LPs4 down down down 
LPS5 up up high 
LPS6 same same high 
LPSl 24 hour-> same same same 
LPs2 same same same 
LPS3 same same same 
LPs4 same same same 
LPS5 slightly up same same 
LPS6 same same same 

We claim: 

1. A method for providing information useful for diagnos­
ing a disease state in a subject comprising: 

a) obtaining a biological sample comprising a plurality of 
biomarkers from the subject, wherein the biomarker lev­
els are related to the disease state, and the disease state is 
sepsis; 

b) detecting the plurality ofbiomarkers; 

c) determining a profile of the detected biomarkers; and 
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d) comparing the profile of the detected biomarkers to a 
standard biomarker profile, wherein the profile of the 
detected biomarkers comprise Ala, Tyr and His each 
having increased levels of at least 50% compared to the 30 

standard biomarker profile, thereby providing informa­
tion useful for diagnosing sepsis. 
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information useful for diagnosing the disease state is obtained 
by fitting the sample metabolome portrait to a standard 
metabolome phase portrait. 

5. The method of claim 1 further comprising: 
a) repeating the steps of claim 1 on a second biological 

sample, wherein the second biological sample is 
obtained from the subject at a different time; and 

b) comparing the biomarker profiles of the two biological 
samples to provide information useful for diagnosing 
the disease state. 

6. The method of claim 1 wherein the biomarkers are 
detected by NMR, mass spectroscopy, ELISA, fluorescence 
labeling techniques, flow cytometry, chromatography, capil­
lary electrophoresis or chemical sensor. 

7. The method of claim 1, wherein the disease state is 
associated with a viral infection or a bacterial infection. 

2. The method of claim 1, wherein the biological sample 
comprises blood or blood plasma. 

3. The method of claim 1, wherein the standard biomarker 
level is from an internal reference. 

8. The method of claim 1, wherein the subject is a mammal 
and said manimal is selected from the group consisting of 
avian, bovine, swine, horse, sheep and human. 

35 9. The method of claim 1, wherein the plurality ofbiom-

4. The method of claim 1, wherein a sample metabolome 
portrait is determined from the biomarker profile and the 

arkers form a clique capable of providing information useful 
for diagnosing the disease state. 

* * * * * 


