
DIAGNOSIS OF SEPSIS CROSS-REFERENCE TO RELATED
APPLICATIONS [0001] This application claims benefit,
under 35 U.S.C.  119(e), of U.S. Provisional Patent
Application No. 60/671,620, filed on April 15, 2005,
which hereby is incorporated herein, by reference, in
its entirety. This application also claims benefit,
under 35 U.S.C.  119(e), of U.S. Provisional Patent
Application No. 60/674,046, filed on April 22, 2005,
which is hereby incorporated herein, by reference, in
its entirety. 1. FIELD OF THE INVENTION [0002] The
present invention relates to methods and compositions
for diagnosing or predicting sepsis and/or its stages
of progression in a subject. The present invention
also relates to methods and compositions for
diagnosing systemic inflammatory response syndrome in
a subject. 2. BACKGROUND OF THE INVENTION [0003] Early
detection of a disease condition typically allows for
a more effective therapeutic treatment with a
correspondingly more favorable clinical outcome. In
many cases, however, early detection of disease
symptoms is problematic due to the complexity of the
disease; hence, a disease may become relatively
advanced before diagnosis is possible. Systemic
inflammatory conditions represent one such class of
diseases. These conditions, particularly sepsis,
typically, but not always, result from an interaction
between a pathogenic microorganism and the host's
defense system that triggers an excessive and
dysregulated inflammatory response in the host. The
complexity of the host's response during the systemic
inflammatory response has complicated efforts towards
understanding disease pathogenesis (reviewed in Healy,
2002, Annul. Pharmacother. 36:648-54). An incomplete
understanding of the disease pathogenesis, in turn,
contributes to the difficulty in finding useful
diagnostic biomarkers. Early and reliable diagnosis is
imperative, however, because of the remarkably rapid
progression of sepsis into a life-threatening
condition. [0004] The development of sepsis in a
subject follows a well-described course, progressing
from systemic inflammatory response syndrome
("SIRS")-negative, to SIRSpositive, and then to
sepsis, which may then progress to severe sepsis,
septic shock, multiple organ dysfunction ("MOD"), and
ultimately death. Sepsis may also arise in an infected
subject when the subject subsequently develops SIRS.
"Sepsis" is commonly defined as thesystemic host
response to infection with SIRS plus a documented
infection. "Severe sepsis" is associated with MOD,
hypotension, disseminated intravascular coagulation
("DIC") or hypoperfusion abnormalities, including
lactic acidosis, oliguria, and changes in mental
status. "Septic shock" is commonly defined as
sepsis-induced hypotension that is resistant to fluid
resuscitation with the additional presence of
hypoperfusion abnormalities. [0005] Documenting the
presence of the pathogenic microorganisms that are
clinically significant to sepsis has proven difficult.
Causative microorganisms typically are detected by
culturing a subject's blood, sputum, urine, wound
secretion, in-dwelling line catheter surfaces, etc.
Causative microorganisms, however, may reside only in
certain body microenvironments such that the
particular material that is cultured may not contain
the contaminating microorganisms. Detection may be
complicated further by low numbers of microorganisms
at the site of infection. Low numbers of pathogens in
blood present a particular problem for diagnosing
sepsis by culturing blood. In one study, for example,
positive culture results were obtained in only 17% of
subjects presenting clinical manifestations of sepsis
(Rangel-Frausto et ah, 1995, JAMA 273:117-123).
Diagnosis can be further complicated by contamination
of samples by non-pathogenic microorganisms. For
example, only 12.4% of detected microorganisms were
clinically significant in a study of 707 subjects with
septicemia (Weinstein et ah, 1997, Clinical Infectious
Diseases 24:584- 602). [0006] The difficulty in early
diagnosis of sepsis is reflected by the high morbidity
and mortality associated with the disease. Sepsis
currently is the tenth leading cause of death in the
United States and is especially prevalent among
hospitalized patients in non coronary intensive care
units (ICUs), where it is the most common cause of
death. The overall rate of mortality is as high as
35%, with an estimated 750,000 cases per year
occurring in the United States alone. The annual cost
to treat sepsis in the United States alone is on the
order of billions of dollars. [0007] A need,
therefore, exists for a method of diagnosing sepsis,
using techniques that have satisfactory specificity
and sensitivity performance, sufficiently early to
allow effective intervention and prevention. 3.
SUMMARY OF THE INVENTION [0008] The present invention
relates to methods and compositions for diagnosing
sepsis, including the onset of sepsis, in a test
subject. The present invention also relates to methods
and compositions for predicting sepsis in a test
subject.[0009] The present invention further relates
to methods and compositions for diagnosing or
predicting stages of sepsis progression in a test
subject. The present invention still further relates
to methods and compositions for diagnosing systemic
inflammatory response syndrome (SIRS) in a test
subject. [0010] In one aspect, the present invention
provides a method of predicting the development of
sepsis in a test subject at risk for developing
sepsis. This method comprises evaluating whether a
plurality of features in a biomarker profile of the
test subject satisfies a value set, wherein satisfying
the value set means that the test subject will develop
sepsis with a likelihood that is determined by the
accuracy of the decision rule to which the plurality
of features are applied in order to determine whether
they satisfy the value set. In some embodiments, the
accuracy of the decision rule is at least 60%.
Therefore, correspondingly, the likelihood that the
test subject will develop sepsis when the plurality of
features satisfies the value set is at least 60%.
[0011] Yet another aspect of the invention comprises a
method of diagnosing sepsis in a test subject. These
methods comprise evaluating whether a plurality of
features in a biomarker profile of the test subject
satisfies a value set, wherein satisfying the value
set predicts that the test subject has sepsis with a
likelihood that is determined by the accuracy of the
decision rule to which the plurality of features are
applied in order to determine whether they satisfy the
value set. In some embodiments, the accuracy of the
decision rule is at least 60%. Therefore,
correspondingly, the likelihood that the test subject
has sepsis when the plurality of features satisfies
the value set is at least 60%. [0012] In a particular
embodiment, the biomarker profile comprises at least
two features, each feature representing a feature of a
corresponding biomarker listed in column four or five
of Table 30. In one embodiment, the biomarker profile
comprises at least two different biomarkers listed in
column four or five of Table 30. In such an
embodiment, the biomarker profile can comprise a
respective corresponding feature for the at least two
biomarkers. Generally, the at least two biomarkers are
derived from at least two different genes. In the case
where a biomarker in the at least two different
biomarkers is listed in column four of Table 30, the
biomarker can be, for example, a transcript made by
the listed gene, a complement thereof, or a
discriminating fragment or complement thereof, or a
cDNA thereof, or a discriminating fragment of the
cDNA, or a discriminating amplified nucleic acid
molecule corresponding to all or a portion of the
transcript or its complement, or a protein encoded by
the gene, or a discriminating fragment of the protein,
or an indication of any of the above. Further still,
the biomarker can be, for example, a proteinlisted in
column five of Table 30, or a discriminating fragment
of the protein, or an indication of any of the above.
Here, a discriminating molecule or fragment is a
molecule or fragment that, when detected, indicates
presence or abundance of the above-identified
transcript, cDNA, amplified nucleic acid, or protein.
In accordance with this embodiment, the biomarker
profiles of the present invention can be obtained
using any standard assay known to those skilled in the
art, or in an assay described herein, to detect a
biomarker. Such assays are capable, for example, of
detecting the products of expression (e.g., nucleic
acids and/or proteins) of a particular gene or allele
of a gene of interest (e.g., a gene disclosed in Table
30). In one embodiment, such an assay utilizes a
nucleic acid microarray. In some embodiments, the
biomarker profile comprises at least two different
biomarkers from column four or five of Table 32. In
some embodiments, the biomarker profile comprises at
least 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15,
16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 30, 35, 40,
45, or 50 different biomarkers from Table 30. [0013]
In a particular embodiment, the biomarker profile
comprises at least two different biomarkers that each
contain one of the probesets listed in column 2 of
Table 30, biomarkers that contain the complement of
one of the probesets of Table 30, or biomarkers that
contain an amino acid sequence encoded by a gene that
either contains one of the probesets of Table 30 or
the complement of one of the probesets of Table 30.
Such biomarkers can be, for example, mRNA transcripts,
cDNA or some other nucleic acid, for example amplified
nucleic acid, or proteins. The biomarker profile
further comprises a 



respective corresponding feature for the at least two
biomarkers. Generally, the at least two biomarkers are
derived from at least two different genes. In the case
where a biomarker is based upon a gene that includes
the sequence of a probeset listed in Table 30, the
biomarker can be, for example, a transcript made by
the gene, a complement thereof, or a discriminating
fragment or complement thereof, or a cDNA thereof, or
a discriminating fragment of the cDNA, or a
discriminating amplified nucleic acid molecule
corresponding to all or a portion of the transcript or
its complement, or a protein encoded by the gene, or a
discriminating fragment of the protein, or an
indication of any of the above. Further still, the
biomarker can be, for example, a protein encoded by a
gene that includes a probeset sequence described in
Table 30, or a discriminating fragment of the protein,
or an indication of any of the above. Here, a
discriminating molecule or fragment is a molecule or
fragment that, when detected, indicates presence or
abundance of the above-identified transcript, cDNA,
amplified nucleic acid, or protein. In some
embodiments, the biomarker profilecomprises at least
2, 3, 4, 5, 6, 7, 8, 9, or 10 different biomarkers
from any one of Table 31, 32, 33, 34, or 36. [0014] In
a particular embodiment, the biomarker profile
comprises at least two different biomarkers listed in
column three of Table 31. The biomarker profile
further comprises a respective corresponding feature
for the at least two biomarkers. Generally, the at
least two biomarkers are derived from at least two
different genes. The biomarker can be, for example, a
transcript made by gene listed in Table 31, a
complement thereof, or a discriminating fragment or
complement thereof, or a cDNA thereof, or a
discriminating fragment of the cDNA, or a
discriminating amplified nucleic acid molecule
corresponding to all or a portion of the transcript or
its complement, or a protein encoded by the gene, or a
discriminating fragment of the protein, or an
indication of any of the above. Further still, the
biomarker can be, for example, a protein encoded by a
gened listed in column three of Table 31, or a
discriminating fragment of the protein, or an
indication of any of the above. Here, a discriminating
molecule or fragment is a molecule or fragment that,
when detected, indicates presence or abundance of the
above-identified transcript, cDNA, amplified nucleic
acid, or protein. In accordance with this embodiment,
the biomarker profiles of the present invention can be
obtained using any standard assay known to those
skilled in the art, or in an assay described herein,
to detect a biomarker. Such assays are capable, for
example, of detecting the products of expression
(e.g., nucleic acids and/or proteins) of a particular
gene or allele of a gene of interest (e.g., a gene
disclosed in Table 31). In one embodiment, such an
assay utilizes a nucleic acid microarray. [0015] In a
particular embodiment, the biomarker profile comprises
at least two different biomarkers that each contain
one of the probesets listed in column 2 of Table 31,
biomarkers that contain the complement of one of the
probesets of Table 31, or biomarkers that contain an
amino acid sequence encoded by a gene that either
contains one of the probesets of Table 31 or the
complement of one of the probesets of Table 31. Such
biomarkers can be, for example, mRNA transcripts, cDNA
or some other nucleic acid, for example amplified
nucleic acid, or proteins. The biomarker profile
further comprises a respective corresponding feature
for the at least two biomarkers. Generally, the at
least two biomarkers are derived from at least two
different genes. In the case where a biomarker is
based upon a gene that includes the sequence of a
probeset listed in Table 31, the biomarker can be, for
example, a transcript made by the gene, a complement
thereof, or a discriminating fragment or complement
thereof, or a cDNA thereof, or a discriminating
fragment of the cDNA, or a discriminating amplified
nucleic acid molecule correspondingto all or a portion
of the transcript or its complement, or a protein
encoded by the gene, or a discriminating fragment of
the protein, or an indication of any of the above.
Further still, the biomarker can be, for example, a
protein encoded by a gene that includes a probeset
sequence described in Table 31, or a discriminating
fragment of the protein, or an indication of any of
the above. Here, a discriminating molecule or fragment
is a molecule or fragment that, when detected,
indicates presence or abundance of the
above-identified transcript, cDNA, amplified nucleic
acid, or protein. In some embodiments, the biomarker
profile comprises at least 2, 3, 4, 5, 6, 7, 8, 9, 10,
11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23,
24, 25, 30, 35, 40, 45, or 50 different biomarkers
from Table 31. [0016] In a particular embodiment, the
biomarker profile comprises at least three features,
each feature representing a feature of a corresponding
biomarker listed in column 3 or four of Table I . In
one embodiment, the biomarker profile comprises at
least three different biomarkers listed in column
three or four of Table I . In such an embodiment, the
biomarker profile can comprise a respective
corresponding feature for the at least three
biomarkers. Generally, the at least three biomarkers
are derived from at least three different genes listed
in Table I . In the case where a biomarker in the at
least three different biomarkers is listed in column
three of Table I, the biomarker can be, for example, a
transcript made by the listed gene, a complement
thereof, a splice variant thereof, a complement of a
splice variant thereof, or a discriminating fragment
or complement of any of the foregoing, a cDNA of any
of the forgoing, a discriminating fragment of the
cDNA, or a discriminating amplified nucleic acid
molecule corresponding to all or a portion of the
transcript or its complement, or a protein encoded by
the gene, or a discriminating fragment of the protein,
or an indication of any of the above. Further still,
the biomarker can be, for example, a protein listed in
column four of Table I, or a discriminating fragment
of the protein, or an indication of any of the above.
Here, a discriminating molecule or fragment is a
molecule or fragment that, when detected, indicates
presence or abundance of the aboveidentified
transcript, cDNA, amplified nucleic acid,
splice-variant thereof or protein. In accordance with
this embodiment, the biomarker profiles of the present
invention can be obtained using any standard assay
known to those skilled in the art, or in an assay
described herein, to detect a biomarker. Such assays
are capable, for example, of detecting the products of
expression (e.g., nucleic acids and/or proteins) of a
particular gene or allele of a gene of interest (e.g.,
a gene disclosed in Table I), In one embodiment, such
an assay utilizes a nucleic acid microarray. In some
embodiments, the biomarker profile comprisesat least
2, 3, 4, 5, 6, 7, 8 9, 10, 11, 12, 13, 14, 15, 16, 17,
18, 19, 20, 21, 22, 23, 24, 25, 30, 35, 40, 45, or 50
different biomarkers from Table I . [0017] In a
particular embodiment, the biomarker profile comprises
at least three features, each feature representing a
feature of a corresponding biomarker listed in column
3 or four of Table J . In one embodiment, the
biomarker profile comprises at least three different
biomarkers listed in column three or four of Table J.
In such an embodiment, the biomarker profile can
comprise a respective corresponding feature for the at
least three biomarkers. Generally, the at least three
biomarkers are derived from at least three different
genes. In the case where a biomarker in the at least
three different biomarkers is listed in column three
of Table J, the biomarker can be, for example, a
transcript made by the listed gene, a complement
thereof, a splice variant thereof, a complement of a
splice variant thereof, or a discriminating fragment
or complement of any of the foregoing, a cDNA of any
of the forgoing, a discriminating fragment of the
cDNA, or a discriminating amplified nucleic acid
molecule corresponding to all or a portion of the
transcript or its complement, or a protein encoded by
the gene, or a discriminating fragment of the protein,
or an indication of any of the above. Further still,
the biomarker can be, for example, a protein listed in
column four of Table J, or a discriminating fragment
of the protein, or an indication of any of the above.
Here, a discriminating molecule or fragment is a
molecule or fragment that, when detected, indicates
presence or abundance of the above-identified
transcript, cDNA, amplified nucleic acid,
splice-variant thereof or protein. In accordance with
this embodiment, the biomarker profiles of the present
invention can be obtained using any standard assay
known to those skilled in the art, or in an assay
described herein, to detect a biomarker. Such assays
are capable, for example, of detecting the products of
expression (e.g., nucleic acids and/or proteins) of a
particular gene or allele of a gene of interest (e.g.,
a gene disclosed in Table J). In one embodiment, such
an assay utilizes a nucleic acid microarray. In some
embodiments, the biomarker profile comprises at least
2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16,
17, 18, 19, 20, 21, 22, 23, 24, 25, 30, 35, 40
different biomarkers from Table J . [0018] In a
particular embodiment, the biomarker profile comprises
at least three features, each feature representing a
feature of a corresponding biomarker listed in column
3 or four of Table K. In one embodiment, the biomarker
profile comprises at least three different biomarkers
listed in column three or four of Table K. In such an
embodiment, the biomarker profile can comprise a
respective corresponding feature for the at least
three biomarkers. Generally, the at least two or three
biomarkers are derived from at least two orthree
different genes, respectively. In the case where a
biomarker in the at least two or three different
biomarkers is listed in column three of Table K, the
biomarker can be, for example, a transcript made by
the listed gene, a complement thereof, a splice
variant thereof, a complement of a splice variant
thereof, or a discriminating fragment or complement of
any of the foregoing, a cDNA of any of the forgoing, a
discriminating fragment of the cDNA, or a
discriminating amplified nucleic acid molecule
corresponding 



to all or a portion of the transcript or its
complement, or a protein encoded by the gene, or a
discriminating fragment of the protein, or an
indication of any of the above. Further still, the
biomarker can be, for example, a protein listed in
column four of Table K, or a discriminating fragment
of the protein, or an indication of any of the above.
Here, a discriminating molecule or fragment is a
molecule or fragment that, when detected, indicates
presence or abundance of the above-identified
transcript, cDNA, amplified nucleic acid,
splice-variant thereof or protein. In accordance with
this embodiment, the biomarker profiles of the present
invention can be obtained using any standard assay
known to those skilled in the art, or in an assay
described herein, to detect a biomarker. Such assays
are capable, for example, of detecting the products of
expression (e.g., nucleic acids and/or proteins) of a
particular gene or allele of a gene of interest (e.g.,
a gene disclosed in Table K). In one embodiment, such
an assay utilizes a nucleic acid microarray. In some
embodiments, the biomarker profile comprises at least
2, 3, 4, 5, 6, 7, 8, 9, 10 different biomarkers from
Table K. [0019] Although the methods of the present
invention are particularly useful for detecting or
predicting the onset of sepsis in SIRS subjects, one
of skill in the art will understand that the present
methods may be used for any subject: including, but
not limited to, subjects suspected of having SIRS or
of being at any stage of sepsis. For example, a
biological sample can be taken from a subject, and a
profile of biomarkers in the sample can be evaluated
in light of biomarker profiles obtained from several
different types of training populations.
Representative training populations variously include,
for example, populations that include subjects who are
SIRS-negative, populations that include subjects who
are SIRS-positive, and/or populations that include
subjects at a particular stage of sepsis. Evaluation
of the biomarker profile in light of each of these
different training populations can be used to
determine whether the test subject is SIRS-negative,
SIRSpositive, is likely to become septic, or has a
particular stage of sepsis. Based on the diagnosis
resulting from the methods of the present invention,
an appropriate treatment regimen can then be
initiated.[0020] In particular embodiments, the
invention also provides kits that are useful in
diagnosing or predicting the development of sepsis or
SIRS in a subject (see Section 5.3, infra). The kits
of the present invention comprise at least 2, 3, 4, 5,
6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19,
20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80,
85, 90, 95, 96, 100, 105, 110, 115, 120, 125, 130,
135, 140, 145, 150, 155, 160, 165, 170, 175, 180, 185,
190, 195 or 200 or more biomarkers and/or reagents
used to detect the presence or abundance of such
biomarkers. In some embodiments, each of these
biomarkers is from Table 30. In some embodiments, each
of these biomarkers is from Table 31. In some
embodiments, each of these biomarkers is from Table
32. In some embodiments, each of these biomarkers is
from Table 33. In some embodiments, each of these
biomarkers is from Table 36. In some embodiments, each
of these biomarkers is from Figure 39, Figure 43,
Figure 52, Figure 53, or Figure 56. In another
embodiment, the kits of the present invention comprise
at least two, but as many as several hundred or more
biomarkers and/or reagents used to detect the presence
or abundance of such biomarkers. [0021] In a specific
embodiment, the kits of the present invention comprise
at least 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14,
15, 16, 17, 18, 19, 20, 25, 30, 35, 40, 45, 50, 55,
60, 65, 70, 75, 80, 85, 90, 95, 96, 100, 105, 110,
115, 120, 125, 130, 135, 140, 145, 150, 155, 160, 165,
170, 175, 180, 185, 190, 195 or 200 or more reagents
that specifically bind the biomarkers of the present
invention. For example, such kits can comprise nucleic
acid molecules and/or antibody molecules that
specifically bind to biomarkers of the present
invention. [0022] Specific exemplary biomarkers that
are useful in the present invention are set forth in
Section 5.6, Section 5.11, as well as Tables 30, 31,
32, 34 and 36 of Section 6. The biomarkers of the kit
can be used to generate biomarker profiles according
to the present invention. Examples of types of
biomarkers and/or reagents within such kits include,
but are not limited to, proteins and fragments
thereof, peptides, polypeptides, antibodies,
proteoglycans, glycoproteins, lipoproteins,
carbohydrates, lipids, nucleic acids (mRNA, DNA,
cDNA), organic and inorganic chemicals, and natural
and synthetic polymers or a discriminating molecule or
fragment thereof. [0023] In particular embodiments,
the invention also provides still other kits that are
useful in diagnosing or predicting the development of
sepsis or SIRS in a subject (see Section 5.3, infra).
The kits of the present invention comprise at least 2,
3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17,
18, 19, 20, 25, 30, 35, 40, 45, 50 or more biomarkers.
In some embodiments, each of these biomarkers is from
Table I . In some embodiments, eachof these biomarkers
is from Table J . In some embodiments, each of these
biomarkers is from Table K. In some embodiments, each
of these biomarkers is found in Table I or Table 30.
In some embodiments, each of these biomarkers is found
in Table I or Table 31. In some embodiments, each of
these biomarkers is from Figure 39, Figure 43, Figure
52, Figure 53, or Figure 56. In another embodiment,
the kits of the present invention comprise at least
two, but as many as 50 or more biomarkers. In a
specific embodiment, the kits of the present invention
comprise at least 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12,
13, 14, 15, 16, 17, 18, 19, 20, 25, 30, 35, 40, 45,
50, 55, 60, 65, 70, 75, 80, 85, 90, 95, 96, 100, 105,
110, 115, 120, 125, 130, 135, 140, 145, 150, 155, 160,
165, 170, 175, 180, 185, 190, 195 or 200 or more
reagents that specifically bind the biomarkers of the
present invention. Specific biomarkers that are useful
in the present invention are set forth in Section 5.6,
Section 5.1 1, as well as Tables I, J, K, L, M,N, and
O. The biomarkers of the kits can be used to generate
biomarker profiles according to the present invention.
Examples of classes of compounds of the kits include,
but are not limited to, proteins and fragments
thereof, peptides, polypeptides, proteoglycans,
glycoproteins, lipoproteins, carbohydrates, lipids,
nucleic acids (mRNA, DNA, cDNA), organic and inorganic
chemicals, and natural and synthetic polymers or a
discriminating molecule or fragment thereof. [0024]
Still another aspect of the present invention
comprises computers and computer readable media for
evaluating whether a test subject is likely to develop
sepsis or SIRS. For instance, one embodiment of the
present invention provides a computer program product
for use in conjunction with a computer system. The
computer program product comprises a computer readable
storage medium and a computer program mechanism
embedded therein. The computer program mechanism
comprises instructions for evaluating whether a
plurality of features in a biomarker profile of a test
subject at risk for developing sepsis satisfies a
first value set. Satisfaction of the first value set
predicts that the test subject is likely to develop
sepsis. The features are measurable aspects of a
plurality of biomarkers comprising at least three
biomarkers listed in Table I . In some embodiments,
the computer program product further comprises
instructions for evaluating whether the plurality of
features in the biomarker profile of the test subject
satisfies a second value set. Satisfaction of the
second value set predicts that the test subject is not
likely to develop sepsis. In some embodiments, the
biomarker profile has between 3 and 50 biomarkers
listed in Table I, between 3 and 40 biomarkers listed
in Table I, at least four biomarkers listed in Table
I, or at least six biomarkers listed in Table I
.[0025] Another computer embodiment of the present
invention comprises a central processing unit and a
memory coupled to the central processing unit. The
memory stores instructions for evaluating whether a
plurality of features in a biomarker profile of a test
subject at risk for developing sepsis satisfies a
first value set. Satisfaction of the first value set
predicts that the test subject is likely to develop
sepsis. The features are measurable aspects of a
plurality of biomarkers. This plurality of biomarkers
comprises at least three biomarkers from Table I . In
some embodiments, the memory further stores
instructions for evaluating whether the plurality of
features in the biomarker profile of the test subject
satisfies a second value set, wherein satisfying the
second value set predicts that the test subject is not
likely to develop sepsis, hi some embodiments, the
biomarker profile consists of between 3 and 50
biomarkers listed in Table I, between 3 and 40
biomarkers listed in Table I, at least four biomarkers
listed in Table L, or at least eight biomarkers listed
in Table I . [0026] Another computer embodiment in
accordance with the present invention comprises a
computer system for determining whether a subject is
likely to develop sepsis. The computer system
comprises a central processing unit and a memory,
coupled to the central processing unit. The memory
stores instructions for obtaining a biomarker profile
of a test subject. The biomarker profile comprises a
plurality of features. The plurality of biomarkers
comprises at least three biomarkers listed in Table I
. The memory further comprises instructions for
transmitting the biomarker profile to a remote
computer. The remote computer includes instructions
for evaluating whether the plurality of features in
the biomarker profile of the test subject satisfies a
first value set. Satisfaction of the first value set
predicts that the test subject is likely to develop
sepsis. The memory further comprises instructions for
receiving a determination, from the remote computer,
as to whether the 



plurality of features in the biomarker profile of the
test subject satisfies the first value set. The memory
also comprises instructions for reporting whether the
plurality of features in the biomarker profile of the
test subject satisfies the first value set. In some
embodiments, the remote computer further comprises
instructions for evaluating whether the plurality of
features in the biomarker profile of the test subject
satisfies a second value set. Satisfaction of the
second value set predicts that the test subject is not
likely to develop sepsis. In such embodiments, the
memory further comprises instructions for receiving a
determination, from the remote computer, as to whether
the plurality of features in the biomarker profile of
the test subject satisfies the second set as well as
instructions for reporting whether the plurality of
features in the biomarker profile of the test subject
satisfies the second value set.In some embodiments,
the plurality of biomarkers comprises at least four
biomarkers listed in Table I . In some embodiments,
the plurality of biomarkers comprises at least six
biomarkers listed in Table I . [0027] Still another
embodiment of the present invention comprises a
digital signal embodied on a carrier wave comprising a
respective value for each of a plurality of features
in a biomarker profile. The features are measurable
aspects of a plurality of biomarkers. The plurality of
biomarkers comprises at least three biomarkers listed
in Table I . In some embodiments, the plurality of
biomarkers comprises at least four biomarkers listed
in Table I . In some embodiments, the plurality of
biomarkers comprises at least eight biomarkers listed
in Table I . [0028] Still another aspect of the
present invention provides a digital signal embodied
on a carrier wave comprising a determination as to
whether a plurality of features in a biomarker profile
of a test subject satisfies a value set. The features
are measurable aspects of a plurality of biomarkers.
This plurality of biomarkers comprises at least three
biomarkers listed in Table I . Satisfying the value
set predicts that the test subject is likely to
develop sepsis. In some embodiments, the plurality of
biomarkers comprises at least four biomarkers listed
in Table I. In some embodiments, the plurality of
biomarkers comprises at least eight biomarkers listed
in Table I . [0029] Still another embodiment provides
a digital signal embodied on a carrier wave comprising
a determination as to whether a plurality of features
in a biomarker profile of a test subject satisfies a
value set. The features are measurable aspects of a
plurality of biomarkers. The plurality of biomarkers
comprises at least three biomarkers listed in Table I
. Satisfaction of the value set predicts that the test
subject is not likely to develop sepsis. In some
embodiments, the plurality of biomarkers comprises at
least four biomarkers listed in Table I . In some
embodiments, the plurality of biomarkers comprises at
least eight biomarkers listed in Table I . [0030]
Still another embodiment of the present invention
provides a graphical user interface for determining
whether a subject is likely to develop sepsis. The
graphical user interface comprises a display field for
a displaying a result encoded in a digital signal
embodied on a carrier wave received from a remote
computer. The features are measurable aspects of a
plurality of biomarkers. The plurality of biomarkers
comprises at least three biomarkers listed in Table I
. The result has a first value when a plurality of
features in a biomarker profile of a test subject
satisfies a first value set. The result has a second
value when a plurality of features in a biomarker
profile of a test subject satisfies a second valueset.
In some embodiments, the plurality of biomarkers
comprises at least four biomarkers listed in Table I .
In some embodiments, the plurality of biomarkers
comprises at least eight biomarkers listed in Table I
. [0031] Yet another aspect of the present invention
provides a computer system for determining whether a
subject is likely to develop sepsis. The computer
system comprises a central processing unit and a
memory, coupled to the central processing unit. The
memory stores instructions for obtaining a biomarker
profile of a test subject. The biomarker profile
comprises a plurality of features. The features are
measurable aspects of a plurality of biomarkers. The
plurality of biomarkers comprise at least three
biomarkers listed in Table I. The memory further
stores instructions for evaluating whether the
plurality of features in the biomarker profile of the
test subject satisfies a first value set. Satisfying
the first value set predicts that the test subject is
likely to develop sepsis. The memory also stores
instructions for reporting whether the plurality of
features in the biomarker profile of the test subject
satisfies the first value set. In some embodiments,
the plurality of biomarkers comprises at least four
biomarkers listed in Table I . In some embodiments,
the plurality of biomarkers comprises at least eight
biomarkers listed in Table I . 4. BRIEF DESCRIPTION OF
THE FIGURES [0032] FIG. 1 illustrates a classification
and regression tree for discriminating between a SIRS
phenotypic state characterized by the onset of sepsis
and a SIRS phenotypic state characterized by the
absence of sepsis using T-36 static data obtained from
a training population in accordance with an embodiment
of the present invention. [0033] FIG. 2 shows the
distribution of feature values for five biomarkers
used in the decision tree of FIG. 1 across T-36 static
data obtained from a training population in accordance
with an embodiment of the present invention. The
biomarkers are referenced by their corresponding
Affymetrix U133 plus 2.0 probeset names given in Table
30. [0034] FIG. 3 illustrates the overall accuracy,
sensitivity, and specificity of 500 trees used to
train a decision tree using the Random Forests method
based upon T-36 static data obtained from a training
population in accordance with an embodiment of the
present invention.[0035] FIG. 4 illustrates the
biomarker importance in the decision rule trained
using the trees of FIG. 3. [0036] FIG. 5 illustrates
the overall accuracy, with 95% confidence interval
bars, specificity, and sensitivity of a decision rule
developed with predictive analysis of microarrays
(PAM) using the biomarkers of the present invention
across T-36 static data obtained from a training
population. [0037] FIG. 6 is a list of biomarkers,
rank-ordered by their respective degrees of
discriminatory power, identified by PAM using T-36
static data obtained from a training population. The
biomarkers are referenced by their corresponding
Affymetrix Ul 33 plus 2.0 probeset names given in
Table 30. [0038] FIG. 7 illustrates CART, PAM, and
random forests classification algorithm performance
data, and associated 95% confidence intervals, for
T-36 static data obtained from a training population.
[0039] FIG. 8 illustrates the number of times that
common biomarkers were found to be important across
the decision rules developed using (i) CART, (ii) PAM,
(iii) random forests, and (iv) the Wilcoxon (adjusted)
test, for T-36 static data obtained from a training
population. [0040] FIG. 9 illustrates an overall
ranking of biomarkers for T-36 static data obtained
from a training population. The biomarkers are
referenced by their corresponding Affymetrix Ul 33
plus 2.0 probeset names given in Table 30. [0041] FIG.
10 illustrates a classification and regression tree
for discriminating between a SIRS phenotypic state
characterized by the onset of sepsis and a SIRS
phenotypic state characterized by the absence of
sepsis using data using T 1 static data obtained from
a training population in accordance with an embodiment
of the present invention. [0042] FIG. 11 shows the
distribution of feature values for four biomarkers
used in the decision tree of FIG. 10 using T-12 static
data obtained from a training population inaccordance
with an embodiment of the present invention. The
biomarkers are referenced by their corresponding
Affymetrix U133 plus 2.0 probeset names given in Table
30. [0043] FIG. 12 illustrates the overall accuracy,
sensitivity, and specificity of 500 trees used to
train a decision tree using the Random Forests method
based upon T-12 static data obtained from a training
population in accordance with an embodiment of the
present invention. [0044] FIG. 13 illustrates the
biomarker importance in the decision rule trained
using the trees of FIG. 12. The biomarkers are
referenced by their corresponding Affymetrix Ul 33
plus 2.0 probeset names given in Table 30. [0045] FIG.
14 illustrates a calculation of biomarker importance,
summing to 100%, determined by a multiple additive
regression tree (MART) approach using T-12 static data
obtained from a training population. The biomarkers
are referenced by their corresponding Affymetrix Ul 33
plus 2.0 probeset names given in Table 30. [0046] FIG.
15 illustrates the distribution of feature values of
the biomarkers selected by the MART approach
illustrated in FIG. 14 between the Sepsis and SIRS
groups using T-12 static data obtained from a training
population. The biomarkers are referenced by their
corresponding Affymetrix Ul 33 plus 2.0 probeset names
given in Table 30. [0047] FIG. 16 illustrates the
overall accuracy, with 95% confidence interval bars,
specificity, and sensitivity of a decision rule
developed with predictive analysis of microarrays
(PAM) using the biomarkers of the present invention
using T-12 static data obtained from a training
population. 



[0048] FIG. 17 is a list of biomarkers, rank-ordered
by their respective degrees of discriminatory power,
identified by PAM using T-12 static data obtained from
a training population. The biomarkers are referenced
by their corresponding Affymetrix Ul 33 plus 2.0
probeset names given in Table 30.[0049] FIG. 18
provides a summary of the CART, MART, PAM3 and random
forests (RF) classification algorithm (decision rule)
performance and associated 95% confidence intervals
using T-12 static data obtained from a training
population. [0050] FIG. 19 illustrates the number of
times that common biomarkers were found to be
important across the decision rules developed using
(i) CART, (ii) MART, (iii) PAM, (iv) random forests,
and (v) the Wilcoxon (adjusted) test using T-12 static
data obtained from a training population. The
biomarkers are referenced by their corresponding
Affymetrix Ul 33 plus 2.0 probeset names given in
Table 30. [0051] FIG. 20 illustrates an overall
ranking of biomarkers using T-12 static data obtained
from a training population. [0052] FIG. 2 1
illustrates a classification and regression tree for
discriminating between a SIRS phenotypic state
characterized by the onset of sepsis and a SIRS
phenotypic state characterized by the absence of
sepsis using T-12 baseline data obtained from a
training population in accordance with an embodiment
of the present invention. [0053] FIG. 22 shows the
distribution of the feature values of five biomarkers
used in the decision tree of FIG. 2 1 using T-12
baseline data obtained from a training population in
accordance with an embodiment of the present
invention. The biomarkers are referenced by their
corresponding Affymetrix Ul 33 plus 2.0 probeset names
given in Table 30. [0054] FIG. 23 illustrates the
overall accuracy, sensitivity, and specificity of 500
trees used to train a decision tree using the Random
Forests method using T-12 baseline data obtained from
a training population in accordance with an embodiment
of the present invention. [0055] FIG. 24 illustrates
the biomarker importance in the decision rule trained
using the trees of FIG. 23. The biomarkers are
referenced by their corresponding Affymetrix Ul 33
plus 2.0 probeset names given in Table 30. [0056] FIG.
25 illustrates the overall accuracy, with 95%
confidence interval bars, specificity, and sensitivity
of a decision rule developed with predictive analysis
ofmicroarrays (PAM) using select biomarkers of the
present invention and T-12 baseline data obtained from
a training population. [0057] FIG. 26 is a list of
biomarkers, rank-ordered by their respective degrees
of discriminatory power, identified by PAM using T-12
baseline data obtained from a training population. The
biomarkers are referenced by their corresponding
Affymetrix Ul 33 plus 2.0 probeset names given in
Table 30. [0058] FIG. 27 illustrates CART, PAM, and
random forests classification algorithm (decision
rule) performance data, and associated 95% confidence
intervals, using T-12 baseline data obtained from a
training population in accordance with an embodiment
of the present invention. [0059] FIG. 28 illustrates
the number of times that common biomarkers were found
to be important across the decision rules developed
using (i) CART, (ii) PAM, (iii) random forests, and
(iv) the Wilcoxon (adjusted) test using T-12 baseline
data obtained from a training population. [0060] FIG.
29 illustrates an overall ranking of biomarkers for
data obtained using T-12 baseline data obtained from a
training population. The biomarkers are referenced by
their corresponding Affymetrix U133 plus 2.0 probeset
names given in Table 30. [0061] FIG. 30 illustrates
the filters applied to identify biomarkers that
discriminate between subjects that will get sepsis
during a defined time period and subjects that will
not get sepsis during the defined time period using
data obtained from a training population, in
accordance with an embodiment of the present
invention. Other combinations of biomarkers are
disclosed herein including, for example, in Section
5.3 and in Section 6. [0062] FIG. 31 shows the
correlation between ILl 8Rl expression, as determined
by RT-PCR, and the intensity of the X206618_at
probeset, as determined using Affymetrix Ul 33 plus
2.0 microarray measurements, across a training
population. [0063] FIG. 32 shows the correlation
between FCGRlA expression, as determined by RT-PCR,
and the intensity of the X21451 l_x_at, X216950_s_at
and X216951_atprobesets, as determined using
Affymetrix Ul 33 plus 2.0 microarray measurements,
across a training population. [0064] FIG. 33 shows the
correlation between MMP9 expression, as determined by
RT-PCR, and the intensity of the X203936_s_at
probeset, as determined using Affymetrix U133 plus 2.0
microarray measurements, across a training population.
[0065] FIG. 34 shows the correlation between CD86
expression, as determined by RT-PCR, and the intensity
of the X205685_at, X205686_s_at, and X210895_s_at
probesets, as determined using Affymetrix Ul 33 plus
2.0 microarray measurements, across a training
population. [0066] FIG. 35 shows a computer system in
accordance with the present invention. [0067] FIG. 36
illustrates a classification and regression tree for
discriminating between a SIRS phenotypic state
characterized by the onset of sepsis and a SIRS
phenotypic state characterized by the absence of
sepsis using T-12 static data obtained from an RT-PCR
discovery training population in accordance with an
embodiment of the present invention. [0068] FIG. 37
shows the distribution of feature values for seven
biomarkers used in the decision tree of FIG. 36 across
T-12 static data obtained from an RT-PCR discovery
training population in accordance with an embodiment
of the present invention. [0069] FIG. 38 illustrates
the overall accuracy, sensitivity, and specificity of
462 trees used to train a decision tree using the
Random Forests method based upon T-12 static data
obtained from an RT-PCR discovery training population
in accordance with an embodiment of the present
invention. [0070] FIG. 39 illustrates the biomarker
importance in the decision rule trained using the
trees of FIG. 38. [0071] FIG. 40 illustrates a
calculation of biomarker importance, summing to 100%,
determined by a multiple additive regression tree
(MART) approach using T-12 static data obtained from
an RT-PCR discovery training population.[0072] FIG. 4
1 illustrates the distribution of feature values of
the biomarkers selected by the MART approach
illustrated in FIG. 40 between the Sepsis and SIRS
groups using T-12 static data obtained from an RT-PCR
discovery training population. [0073] FIG. 42
illustrates the overall accuracy, with 95% confidence
interval bars, specificity, and sensitivity of a
decision rule developed with predictive analysis of
microarrays (PAM) using the biomarkers of the present
invention using T-1 static data obtained from an
RT-PCR discovery training population. [0074] FIG. 43
is a list of biomarkers, rank-ordered by their
respective degrees of discriminatory power, identified
by PAM using T-12 static data obtained from an RT-PCR
discovery training population. [0075] FIG. 44 provides
a summary of the CART, MART, PAM, and random forests
(RF) classification algorithm (decision rule)
performance and associated 95% confidence intervals
using T-12 static data obtained from an RT-PCR
discovery training population. [0076] FIG. 45
identified fifty selected biomarkers selected based on
the decision rule performance summarized in FIG. 44.
[0077] FIG. 46 provides a summary of the CART, MART,
PAM, and random forests (RF) classification algorithm
(decision rule) performance and associated 95%
confidence intervals using T-12 static data obtained
from an Affymetrix gene chip discovery training
population. [0078] FIG. 47 provides a summary of the
CART, MART, PAM, and random forests (RF)
classification algorithm (decision rule) performance
and associated 95% confidence intervals using T-12
static data obtained from an RT-PCR confimatory
training population. [0079] FIG. 48 provides a summary
of the CART, MART, PAM, and random forests (RF)
classification algorithm (decision rule) performance
and associated 95%confidence intervals using T-12
static data obtained from a combined pool of a
Affymetrix gene chip confirmatory training population
and an RT-PCR confirmatory training population. [0080]
FIG. 49 illustrates a classification and regression
tree for discriminating between a SIRS phenotypic
state characterized by the onset of sepsis and a SIRS
phenotypic state characterized by the absence of
sepsis using T-12 static data obtained from a
beadbased protein discovery training population in
accordance with an embodiment of the present
invention. [0081] FIG. 50 shows the distribution of
feature values for ten biomarkers used in the decision
tree of FIG. 49 across T-12 static data obtained from
a bead-based protein discovery training population in
accordance with an embodiment of the present
invention. 



[0082] FIG. 51 illustrates the overall accuracy,
sensitivity, and specificity of 64 trees used to train
a decision tree using the Random Forests method based
upon T-12 static data obtained from a bead-based
protein discovery training population in accordance
with an embodiment of the present invention. [0083]
FIG. 52 illustrates the biomarker importance in the
decision rule trained using the trees of FIG. 5 1.
[0084] FIG. 53 illustrates a calculation of biomarker
importance, summing to 100%, determined by a multiple
additive regression tree (MART) approach using T-12
static data obtained from a bead-based protein
discovery training population in accordance with an
embodiment of the present invention. [0085] FIG. 54
illustrates the distribution of feature values of the
biomarkers selected by the MART approach illustrated
in FIG. 53 between the Sepsis and SIRS groups using
T-12 static data obtained from a bead-based protein
discovery training population in accordance with an
embodiment of the present invention. [0086] FIG. 55
illustrates the overall accuracy, with 95% confidence
interval bars, specificity, and sensitivity of a
decision rule developed with predictive analysis
ofmicroarrays (PAM) using the biomarkers of the
present invention using T-12 static data obtained from
a bead-based protein discovery training population in
accordance with an embodiment of the present
invention. [0087] FIG. 56 is a list of biomarkers,
rank-ordered by their respective degrees of
discriminatory power, identified by PAM using T 1
static data obtained from a bead-based protein
discovery training population in accordance with an
embodiment of the present invention. [0088] FIG. 57
provides a summary of the CART, MART, PAM, and random
forests (RF) classification algorithm (decision rule)
performance and associated 95% confidence intervals
using T-12 static data obtained from a bead-based
protein discovery training population in accordance
with an embodiment of the present invention. [0089]
FIG. 58 illustrates the number of times that common
biomarkers were found to be important across the
decision rules developed using (i) CART, (ii) MART,
(iii) PAM, (iv) random forests, and (v) the Wilcoxon
(adjusted) test using T-12 static data obtained from a
bead-based protein discovery training population in
accordance with an embodiment of the present
invention. [0090] FIG. 59 provides a summary of the
CART, MART, PAM, and random forests (RF)
classification algorithm (decision rule) performance
and associated 95% confidence intervals using T-12
static data obtained from a bead-based protein
confirmation training population in accordance with an
embodiment of the present invention.' [0091] Figure 60
plots the sepsis predicting accuracy of each of 24
families of subcombinations from Table J, using T-12
nucleic acid data, in a bar graph fashion, in
accordance with an embodiment of the present
invention. [0092] Figure 6 1 plots the sepsis
predicting performance (accuracy) of each individual
subcombination in each of 24 families of
subcombinations, for a total of 4800 subcombinations
from Table J, using T-12 nucleic acid data, in
accordance with an embodiment of the present
invention.[0093] Figure 62 plots the sepsis predicting
accuracy of each of 8 families of subcombinations from
Table K, using T-12 protein data, in a bar graph
fashion, in accordance with an embodiment of the
present invention. [0094] Figure 63 plots the sepsis
predicting performance (accuracy) of each individual
subcombination in each of 8 families of
subcombinations, for a total of 1600 subcombinations
from Table K, using T-12 protein data, in accordance
with an embodiment of the present invention. [0095]
Figure 64 plots the sepsis predicting accuracy of each
of 8 families of subcombinations from Table K, using
T-36 protein data, in a bar graph fashion, in
accordance with an embodiment of the present
invention. [0096] Figure 65 plots the sepsis
predicting performance (accuracy) of each individual
subcombination in each of 8 families of
subcombinations, for a total of 1600 subcombinations
from Table K, using T-36 protein data, in accordance
with an embodiment of the present invention. [0097]
Figure 66 plots the sepsis predicting accuracy of each
of 23 families of subcombinations from Table J, using
T.36 nucleic acid data, in a bar graph fashion, in
accordance with an embodiment of the present
invention. [0098] Figure 67 plots the sepsis
predicting performance (accuracy) of each individual
subcombination in each of 23 families of
subcombinations, for a total of 4600 subcombinations
from Table J, using T-36 nucleic acid data, in
accordance with an embodiment of the present
invention. [0099] Figure 68 plots the sepsis
predicting accuracy of each of 23 families of
subcombinations from Table I, using T-12 combined
protein and nucleic acid data, in a bar graph fashion,
in accordance with an embodiment of the present
invention. [00100] Figure 69 plots the sepsis
predicting performance (accuracy) of each individual
subcombination in each of 23 families of
subcombinations, for a total of 4600subcombinations
from Table I, using T-12 combined protein and nucleic
acid data, in accordance with an embodiment of the
present invention. [00101] Figure 70 plots the sepsis
predicting accuracy of each of 23 families of
subcombinations from Table I, using T-36 combined
protein and nucleic acid data, in a bar graph fashion,
in accordance with an embodiment of the present
invention. [00102] Figure 7 1 plots the sepsis
predicting performance (accuracy) of each individual
subcombination in each of 23 families of
subcombinations, for a total of 4600 subcombinations
from Table I, using T-36 combined protein and nucleic
acid data, in accordance with an embodiment of the
present invention. 5. DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENTS [00103] The present invention
allows for the rapid and accurate diagnosis or
prediction of sepsis by evaluating biomarker features
in biomarker profiles. These biomarker profiles can be
constructed from one or more biological samples of
subjects at a single time point ("snapshot"), or
multiple such time points, during the course of time
the subject is at risk for developing sepsis.
Advantageously, sepsis can be diagnosed or predicted
prior to the onset of conventional clinical sepsis
symptoms, thereby allowing for more effective
therapeutic intervention. 5.1 DEFINITIONS [00104]
"Systemic inflammatory response syndrome," or "SIRS,"
refers to a clinical response to a variety of severe
clinical insults, as manifested by two or more of the
following conditions within a 24-hour period:  body
temperature greater than 38C (100.40F) or less than
360C (96.80F);  heart rate (HR) greater than 90
beats/minute;  respiratory rate (RR) greater than 20
breaths/minute, or Pco2 less than 32 mmHg, or
requiring mechanical ventilation; and  white blood
cell count (WBC) either greater than 12.0 x 109/L or
less than 4.0 x l 09/L. [00105] These symptoms of SIRS
represent a consensus definition of SIRS that can be
modified or supplanted by other definitions in the
future. The present definition is used to clarify
current clinical practice and does not represent a
critical aspect of the invention(see, e.g., American
College of Chest Physicians/Society of Critical Care
Medicine Consensus Conference: Definitions for Sepsis
and Organ Failure and Guidelines for the Use of
Innovative Therapies in Sepsis, 1992, Crit. Care. Med.
20, 864-874, the entire contents of which are herein
incorporated by reference). [00106] A subject with
SIRS has a clinical presentation that is classified as
SIRS, as defined above, but is not clinically deemed
to be septic. Methods for determining which subjects
are at risk of developing sepsis are well known to
those in the art. Such subjects include, for example,
those in an ICU and those who have otherwise suffered
from a physiological trauma, such as a burn, surgery
or other insult. A hallmark of SIRS is the creation of
a proinflammatory state that can be marked by
tachycardia, tachypnea or hyperpnea, hypotension,
hypoperfusion, oliguria, leukocytosis or leukopenia,
pyrexia or hypothermia and the need for volume
infusion. SIRS characteristically does not include a
documented source of infection {e.g., bacteremia).
[00107] "Sepsis" refers to a systemic host response to
infection with SIRS plus a documented infection {e.g.,
a subsequent laboratory confirmation of a clinically
significant infection such as a positive culture for
an organism). Thus, sepsis refers to the systemic
inflammatory response to a documented infection (see,
e.g., American College of Chest Physicians Society of
Critical Care Medicine, Chest, 1997, 101:1644-1655,
the entire contents of which are herein incorporated
by reference). As used herein, "sepsis" includes all
stages of sepsis including, but not limited to, the
onset of sepsis, severe sepsis, septic shock and
multiple organ dysfunction ("MOD") associated with the
end stages of sepsis. 



[00108] The "onset of sepsis" refers to an early stage
of sepsis, e.g. , prior to a stage when conventional
clinical manifestations are sufficient to support a
clinical suspicion of sepsis. Because the methods of
the present invention are used to detect sepsis prior
to a time that sepsis would be suspected using
conventional techniques, the subject's disease status
at early sepsis can only be confirmed retrospectively,
when the manifestation of sepsis is more clinically
obvious. The exact mechanism by which a subject
becomes septic is not a critical aspect of the
invention. The methods of the present invention can
detect the onset of sepsis independent of the origin
of the infectious process. [00109] "Severe sepsis"
refers to sepsis associated with organ dysfunction,
hypoperfusion abnormalities, or sepsis-induced
hypotension. Hypoperfusion abnormalities include, but
are not limited to, lactic acidosis, oliguria, or an
acute alteration in mental status.[00110] "Septic
shock" refers to sepsis-induced hypotension that is
not responsive to adequate intravenous fluid challenge
and with manifestations of peripheral hypoperfusion.
[00111] A "converter" or "converter subject" refers to
a SIRS-positive subject who progresses to clinical
suspicion of sepsis during the period the subject is
monitored, typically during an ICU stay. [00112] A
"non-converter" or "non-converter subject" refers to a
SIRS-positive subject who does not progress to
clinical suspicion of sepsis during the period the
subject is monitored, typically during an ICU stay.
[00113] A "biomarker" is virtually any detectable
compound, such as a protein, a peptide, a
proteoglycan, a glycoprotein, a lipoprotein, a
carbohydrate, a lipid, a nucleic acid (e.g., DNA, such
as cDNA or amplified DNA, or RNA, such as mRNA), an
organic or inorganic chemical, a natural or synthetic
polymer, a small molecule (e.g., a metabolite), or a
discriminating molecule or discriminating fragment of
any of the foregoing, that is present in or derived
from a biological sample. "Derived from" as used in
this context refers to a compound that, when detected,
is indicative of a particular molecule being present
in the biological sample. For example, detection of a
particular cDNA can be indicative of the presence of a
particular RNA transcript in the biological sample. As
another example, detection of or binding to a
particular antibody can be indicative of the presence
of a particular antigen (e.g., protein) in the
biological sample. Here, a discriminating molecule or
fragment is a molecule or fragment that, when
detected, indicates presence or abundance of an
above-identified compound. [00114] A biomarker can,
for example, be isolated from the biological sample,
directly measured in the biological sample, or
detected in or determined to be in the biological
sample. A biomarker can, for example, be functional,
partially functional, or non-functional. In one
embodiment of the present invention, a biomarker is
isolated and used, for example, to raise a
specifically-binding antibody that can facilitate
biomarker detection in a variety of diagnostic assays.
Any immunoassay may use any antibodies, antibody
fragment or derivative thereof capable of binding the
biomarker molecules (e.g., Fab, F(ab')2, Fv, or scFv
fragments). Such immunoassays are well-known in the
art. In addition, if the biomarker is a protein or
fragment thereof, it can be sequenced and its encoding
gene can be cloned using well-established techniques.
[00115] As used herein, the term "a species of a
biomarker" refers to any discriminating portion or
discriminating fragment of a biomarker described
herein, such as a splice variant of a particular gene
described herein (e.g., a gene listed in Table 30, or
TableI, or Table J, or Table K, infra). Here, a
discriminating portion or discriminating fragment is a
portion or fragment of a molecule that, when detected,
indicates presence or abundance of the
above-identified transcript, cDNA, amplified nucleic
acid, or protein. [00116] As used herein, the terms
"protein", "peptide", and "polypeptide" are, unless
otherwise indicated, interchangeable. [00117] A
"biomarker profile" comprises a plurality of one or
more types of biomarkers (e.g., an mRNA molecule, a
cDNA molecule, a protein and/or a carbohydrate, etc.),
or an indication thereof, together with a feature,
such as a measurable aspect (e.g., abundance) of the
biomarkers. A biomarker profile comprises at least two
such biomarkers or indications thereof, where the
biomarkers can be in the same or different classes,
such as, for example, a nucleic acid and a
carbohydrate. A biomarker profile may also comprise at
least 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16,
17, 18, 19, 20, 21, 22, 23, 24, 25, 30, 35, 40, 45,
50, 55, 60, 65, 70, 75, 80, 85, 90, 95, or 100 or more
biomarkers or indications thereof. In one embodiment,
a biomarker profile comprises hundreds, or even
thousands, of biomarkers or indications thereof. A
biomarker profile can further comprise one or more
controls or internal standards. In one embodiment, the
biomarker profile comprises at least one biomarker, or
indication thereof, that serves as an internal
standard. In another embodiment, a biomarker profile
comprises an indication of one or more types of
biomarkers. The term "indication" as used herein in
this context merely refers to a situation where the
biomarker profile contains symbols, data,
abbreviations or other similar indicia for a
biomarker, rather than the biomarker molecular entity
itself. For instance, consider an exemplary biomarker
profile of the present invention that comprises the
Affymetrix (Santa Clara, California) U133 plus 2.0
205013_s_at and 209369_at probesets. Another exemplary
biomarker profile of the present invention comprises
the name of genes used to derive the Affymetrix (Santa
Clara, California) U133 plus 2.0 205013_s_at and
209369_at probesets. In still another exemplary
biomarker profile of the present invention, the
biomarker profile comprises a physical quantity of a
transcript of a gene from which the 205013_s_at
probeset was derived, and a physical quantity of a
transcript of a gene from which the 209369_at probeset
was derived. In another embodiment, the biomarker
profile comprises a nominal indication of the quantity
of a transcript of a gene from which the 205013_s_at
probeset was derived and a nominal indication of the
quantity of transcript of a gene from which the
209369_at probeset was derived. Still another
exemplary biomarker profile of the present invention
comprises a microarray to which a physical quantity of
a gene transcript from which the 205013_s_at probeset
was derived is bound at a first probe spot on the
microarrayand an abundance of a gene transcript from
which the 209369_at probeset was derived is bound to a
second probe spot on the microarray. In this last
exemplary biomarker profile, at least twenty percent,
forty percent, or more than forty percent of the
probes spots are based on sequences in the probesets
given in Table 30. In another exemplary biomarker
profile, at least twenty percent, forty percent, or
more than forty percent of the probes spots are based
on sequences in the probesets given in Table 31.
[00118] Each biomarker in a biomarker profile includes
a corresponding "feature." A "feature", as used
herein, refers to a measurable aspect of a biomarker.
A feature can include, for example, the presence or
absence of biomarkers in the biological sample from
the subject as illustrated in exemplary biomarker
profile 1: Exemplary biomarker profile 1. [00119] In
exemplary biomarker profile 1, the feature value for
the transcript of gene A is "presence" and the feature
value for the transcript of gene B is "absence."
[00120] A feature can include, for example, the
abundance of a biomarker in the biological sample from
a subject as illustrated in exemplary biomarker
profile 2 : Exemplary biomarker profile 2. [00121] In
exemplary biomarker profile 2, the feature value for
the transcript of gene A is 300 units and the feature
value for the transcript of gene B is 400 units.
[00122] A feature can also be a ratio of two or more
measurable aspects of a biomarker as illustrated in
exemplary biomarker profile 3:Exemplary biomarker
profile 3. [00123] In exemplary biomarker profile 3,
the feature value for the transcript of gene A and the
feature value for the transcript of gene B is 0.75
(300/400). [00124] A feature may also be the
difference between a measurable aspect of the
corresponding biomarker that is taken from two
samples, where the two samples are collected from a
subject at two different time points. For example,
consider the case where the biomarker is a transcript
of a gene A and the "measurable aspect" is abundance
of the transcript, in samples obtained from a test
subject as determined by, e.g., RT-PCR or microarray
analysis. In this example, the abundance of the
transcript of gene A is measured in a first sample as
well as a second sample. The first sample is taken
from the test subject a number of hours before the
second sample. To compute the feature for gene A, the
abundance of the transcript of gene A in one sample is
subtracted from the abundance of the transcript of
gene A in the second sample. A feature can also be an
indication as to whether an abundance of a biomarker
is increasing in biological samples obtained from a
subject over time and/or an indication as to whether
an abundance of a biomarker is decreasing in
biological samples obtained from a subject over time.
[00125] In some embodiments, there is a one-to-one
correspondence between features and biomarkers in a
biomarker profile as illustrated in exemplary
biomarker profile 1, above. In some embodiments, the
relationship between features and biomarkers in a
biomarker profile of the present invention is more
complex, as illustrated in Exemplary 



biomarker profile 3, above. [00126] Those of skill in
the art will appreciate that other methods of
computation of a feature can be devised and all such
methods are within the scope of the present invention.
For example, a feature can represent the average of an
abundance of a biomarker across biological samples
collected from a subject at two or more time points.
Furthermore, a feature can be the difference or ratio
of the abundance of two or more biomarkers from a
biological sample obtained from a subject in a single
time point. A biomarker profile may also comprise at
least three, four, five, 10, 20, 30 or more features.
In one embodiment, a biomarker profile comprises
hundreds, or even thousands, of features.[00127] In
some embodiments, features of biomarkers are measured
using microarrays. The construction of microarrays and
the techniques used to process microarrays in order to
obtain abundance data is well known, and is described,
for example, by Draghici, 2003, Data Analysis Toolsfor
DNA Microarrays, Chapman & Hall/CRC, and international
publication number WO 03/061564, each of which is
hereby incorporated by reference in its entirety. A
microarray comprises a plurality of probes. In some
instances, each probe recognizes, e.g., binds to, a
different biomarker. In some instances, two or more
different probes on a microarray recognize, e.g. ,
bind to, the same biomarker. Thus, typically, the
relationship between probe spots on the microarray and
a subject biomarker is a two to one correspondence, a
three to one correspondence, or some other form of
correspondence. However, it can be the case that there
is a unique one-to-one correspondence between probes
on a microarray and biomarkers. [00128] A "phenotypic
change" is a detectable change in a parameter
associated with a given state of the subject. For
instance, a phenotypic change can include an increase
or decrease of a biomarker in a bodily fluid, where
the change is associated with SIRS, sepsis, the onset
of sepsis or with a particular stage in the
progression of sepsis. A phenotypic change can further
include a change in a detectable aspect of a given
state of the subject that is not a change in a
measurable aspect of a biomarker. For example, a
change in phenotype can include a detectable change in
body temperature, respiration rate, pulse, blood
pressure, or other physiological parameter. Such
changes can be determined via clinical observation and
measurement using conventional techniques that are
well-known to the skilled artisan. [00129] As used
herein, the term "complementary," in the context of a
nucleic acid sequence (e.g., a nucleotide sequence
encoding a gene described herein), refers to the
chemical affinity between specific nitrogenous bases
as a result of their hydrogen bonding properties. For
example, guanine (G) forms a hydrogen bond with only
cytosine (C), while adenine forms a hydrogen bond only
with thymine (T) in the case of DNA, and uracil (U) in
the case of RNA. These reactions are described as base
pairing, and the paired bases (G with C, or A with
TAJ) are said to be complementary. Thus, two nucleic
acid sequences may be complementary if their
nitrogenous bases are able to form hydrogen bonds.
Such sequences are referred to as "complements" of
each other. Such complement sequences can be naturally
occurring, or, they can be chemically synthesized by
any method known to those skilled in the art, as for
example, in the case of antisense nucleic acid
molecules which are complementary to the sense strand
of a DNA molecule or an RNA molecule (e.g., anmRNA
transcript). See, e.g., Lewin, 2002, Genes VII. Oxford
University Press Inc., New York, NY, which is hereby
incorporated by reference. [00130] As used herein,
"conventional techniques" in the context of diagnosing
or predicting sepsis or SIRS are those techniques that
classify a subject based on phenotypic changes without
obtaining a biomarker profile according to the present
invention. [00131] A "decision rule" is a method used
to evaluate biomarker profiles. Such decision rules
can take on one or more forms that are known in the
art, as exemplified in Hastie et al., 2001, The
Elements of Statistical Learning, Springer-Verlag, New
York, which is hereby incorporated by reference in its
entirety. A decision rule may be used to act on a data
set of features to, inter alia, predict the onset of
sepsis, to determine the progression of sepsis, or to
diagnose sepsis. Exemplary decision rules that can be
used in some embodiments of the present invention are
described in further detail in Section 5.5, below.
[00132] "Predicting the development of sepsis" is the
determination as to whether a subject will develop
sepsis. Any such prediction is limited by the accuracy
of the means used to make this determination. The
present invention provides a method, e.g. , by
utilizing a decision rule(s), for making this
determination with an accuracy that is 60% or greater.
As used herein, the terms "predicting the development
of sepsis" and "predicting sepsis" are
interchangeable. In some embodiments, the act of
predicting the development of sepsis (predicting
sepsis) is accomplished by evaluating one or more
biomarker profiles from a subject using a decision
rule that is indicative of the development of sepsis
and, as a result of this evaluation, receiving a
result from the decision rule that indicates that the
subject will become septic. Such an evaluation of one
or more biomarker profiles from a test subject using a
decision rule uses some or all the features in the one
or more biomarker profiles to obtain such a result.
[00133] The terms "obtain" and "obtaining," as used
herein, mean "to come into possession of," or "coming
into possession of," respectively. This can be done,
for example, by retrieving data from a data store in a
computer system. This can also be done, for example,
by direct measurement. [00134] As used herein, the
term "specifically," and analogous terms, in the
context of an antibody, refers to peptides,
polypeptides, and antibodies or fragments thereof that
specifically bind to an antigen or a fragment and do
not specifically bind to other antigens or other
fragments. A peptide or polypeptide that specifically
binds to an antigen may bind to other peptides or
polypeptides with lower affinity, as determined by
standardexperimental techniques, for example, by any
immunoassay well-known to those skilled in the art.
Such immunoassays include, but are not limited to,
radioimmunoassays (RIAs) and enzyme-linked
immunosorbent assays (ELISAs). Antibodies or fragments
that specifically bind to an antigen may be
cross-reactive with related antigens. Preferably,
antibodies or fragments thereof that specifically bind
to an antigen do not cross-react with other antigens.
See, e.g., Paul, ed., 2003, Fundamental Immunology,
5th ed., Raven Press, New York at pages 69-105, which
is incorporated by reference herein, for a discussion
regarding antigenantibody interactions, specificity
and cross-reactivity, and methods for determining all
of the above. [00135] As used herein, a "subject" is
an animal, preferably a mammal, more preferably a
non-human primate, and most preferably a human. The
terms "subject" "individual" and "patient" are used
interchangeably herein. [00136] As used herein, a
"test subject," typically, is any subject that is not
in a training population used to construct a decision
rule. A test subject can optionally be suspected of
either having sepsis at risk of developing sepsis.
[00137] As used herein, a "tissue type," is a type of
tissue. A tissue is an association of cells of a
multicellular organism, with a common embryoloical
origin or pathway and similar structure and function.
Often, cells of a tissue are contiguous at cell
membranes but occasionally the tissue may be fluid
(e.g. , blood). Cells of a tissue may be all of one
type (a simple tissue, e.g., squamous epithelium,
plant parentchyma) or of more than one type (a mixed
tissue, e.g., connective tissue). [00138] As used
herein, a "training population" is a set of samples
from a population of subjects used to construct a
decision rule, using a data analysis algorithm, for
evaluation of the biomarker profiles of subjects at
risk for developing sepsis. In a preferred embodiment,
a training population includes samples from subjects
that are converters and subjects that are
nonconverters. [00139] As used herein, a "data
analysis algorithm" is an algorithm used to construct
a decision rule using biomarker profiles of subjects
in a training population. Representative data analysis
algorithms are described in Section 5.5. A "decision
rule" is the final product of a data analysis
algorithm, and is characterized by one or more value
sets, where each of these value sets is indicative of
an aspect of SIRS, the onset of sepsis, sepsis, or a
prediction that a subject will acquire sepsis. In one
specific example, a value set represents a prediction
that a subject will develop sepsis. In another
example, a value set represents a prediction that a
subject will not develop sepsis.[00140] As used
herein, a "validation population" is a set of samples
from a population of subjects used to determine the
accuracy of a decision rule. In a preferred
embodiment, a validation population includes samples
from subjects that are converters and subjects that
are nonconverters. In a preferred embodiment, a
validation population does not include subjects that
are part of the training population used to train the
decision rule for which an accuracy measurement is
sought. [00141] As used herein, a "value set" is a
combination of values, or ranges of values for
features in a biomarker profile. The nature of this
value set and the values therein is dependent upon the
type of features present in the biomarker profile and
the data analysis algorithm used to construct the
decision rule that dictates the value set. To
illustrate, 



reconsider exemplary biomarker profile 2: Exemplary
biomarker profile 2. [00142] In this example, the
biomarker profile of each member of a training
population is obtained. Each such biomarker profile
includes a measured feature, here abundance, for the
transcript of gene A, and a measured feature, here
abundance, for the transcript of gene B. These feature
values, here abundance values, are used by a data
analysis algorithm to construct a decision rule. In
this example, the data analysis algorithm is a
decision tree, described in Section 5.5.1 and the
final product of this data analysis algorithm, the
decision rule, is a decision tree. An exemplary
decision tree is illustrated in Figure. 1. The
decision rule defines value sets. One such value set
is predictive of the onset of sepsis. A subject whose
biomarker feature values satisfy this value set is
likely to become septic. An exemplary value set of
this class is exemplary value set 1: Exemplary value
set 1.[00143] Another such value set is predictive of
a septic-free state. A subject whose biomarker feature
values satisfy this value set is not likely to become
septic. An exemplary value set of this class is
exemplary value set 2: Exemplary value set 2. [00144]
In the case where the data analysis algorithm is a
neural network analysis and the final product of this
neural network analysis is an appropriately weighted
neural network, one value set is those ranges of
biomarker profile feature values that will cause the
weighted neural network to indicate that onset of
sepsis is likely. Another value set is those ranges of
biomarker profile feature values that will cause the
weighted neural network to indicate that onset of
sepsis is not likely. [00145] As used herein, the term
"probe spot" in the context of a microarray refers to
a single stranded DNA molecule (e.g., a single
stranded cDNA molecule or synthetic DNA oligomer),
referred to herein as a "probe," that is used to
determine the abundance of a particular nucleic acid
in a sample. For example, a probe spot can be used to
determine the level of mRNA in a biological sample
(e.g., a collection of cells) from a test subject. In
a specific embodiment, a typical microarray comprises
multiple probe spots that are placed onto a glass
slide (or other substrate) in known locations on a
grid. The nucleic acid for each probe spot is a single
stranded contiguous portion of the sequence of a gene
or gene of interest (e.g., a 10-mer, 11-mer, 12-mer,
13-mer, 14-mer, 15-mer, 16-mer, 17-mer, 18-mer,
19-mer, 20-mer, 21-mer, 22-mer, 23-mer, 24-mer, 25-mer
or larger) and is a probe for the mRNA encoded by the
particular gene or gene of interest. Each probe spot
is characterized by a single nucleic acid sequence,
and is hybridized under conditions that cause it to
hybridize only to its complementary DNA strand or mRNA
molecule. As such, there can be many probe spots on a
substrate, and each can represent a unique gene or
sequence of interest. In addition, two or more probe
spots can represent the same gene sequence. In some
embodiments, a labeled nucleic sample is hybridized to
a probe spot, and the amount of labeled nucleic acid
specifically hybridized to a probe spot can be
quantified to determinethe levels of that specific
nucleic acid (e.g., mRNA transcript of a particular
gene) in a particular biological sample. Probes, probe
spots, and microarrays, generally, are described in
Draghici, 2003, Data Analysis Toolsfor DNA
Microarrays, Chapman & Hall/CRC, Chapter, 2, which is
hereby incorporated by reference in its entirety.
[00146] As used herein, the term "annotation data"
refers to any type of data that describes a property
of a biomarker. Annotation data includes, but is not
limited to, biological pathway membership, enzymatic
class (e.g., phosphodiesterase, kinase,
metalloproteinase, etc.), protein domain information,
enzymatic substrate information, enzymatic reaction
information, protein interaction data, disease
association, cellular localization, tissue type
localization, and cell type localization. [00147] As
used herein, the term "T-12" refers to the last time
blood was obtained from a subject before the subject
is clinically diagnosed with sepsis. Since, in the
present invention, blood is collected from subjects
each 24 hour period, T-12 references the average time
period prior to the onset of sepsis for a pool of
patients, with some patients turning septic prior to
the 12 hour mark and some patients turning septic
after the 12 hour mark. However, across a pool of
subjects, the average time period for this last blood
sample is the 12 hour mark, hence the name "T-12 ."
5.2 METHODS FOR SCREENING SUBJECTS [00148] The present
invention allows for accurate, rapid prediction and/or
diagnosis of sepsis through detection of two or more
features of a biomarker profile of a test individual
suspected of or at risk for developing sepsis in each
of one or more biological samples from a test subject.
In one embodiment, only a single biological sample
taken at a single point in time from the test subject
is needed to construct a biomarker profile that is
used to make this prediction or diagnosis of sepsis,
hi another embodiment, multiple biological samples
taken at different points in time from the test
subject are used to construct a biomarker profile that
is used to make this prediction or diagnosis of
sepsis. [00149] In specific embodiments of the
invention, subjects at risk for developing sepsis or
SIRS are screened using the methods of the present
invention. In accordance with these embodiments, the
methods of the present invention can be employed to
screen, for example, subjects admitted to an ICU
and/or those who have experienced some sort of trauma
(such as, e.g., surgery, vehicular accident, gunshot
wound, etc.). [00150] In specific embodiments, a
biological sample such as, for example, blood, is
taken upon admission. In some embodiments, a
biological sample is blood, plasma, serum,saliva,
sputum, urine, cerebral spinal fluid, cells, a
cellular extract, a tissue specimen, a tissue biopsy,
or a stool specimen. In some embodiments a biological
sample is whole blood and this whole blood is used to
obtain measurements for a biomarker profile. In some
embodiments a biological sample is some component of
whole blood. For example, in some embodiments some
portion of the mixture of proteins, nucleic acid,
and/or other molecules (e.g., metabolites) within a
cellular fraction or within a liquid (e.g., plasma or
serum fraction) of the blood is resolved as a
biomarker profile. This can be accomplished by
measuring features of the biomarkers in the biomarker
profile. In some embodiments, the biological sample is
whole blood but the biomarker profile is resolved from
biomarkers in a specific cell type that is isolated
from the whole blood. In some embodiments, the
biological sample is whole blood but the biomarker
profile is resolved from biomarkers expressed or
otherwise found in monocytes that are isolated from
the whole blood. In some embodiments, the biological
sample is whole blood but the biomarker profile is
resolved from biomarkers expressed or otherwise found
in red blood cells that are isolated from the whole
blood. In some embodiments, the biological sample is
whole blood but the biomarker profile is resolved from
biomarkers expressed or otherwise found in platelets
that are isolated from the whole blood. In some
embodiments, the biological sample is whole blood but
the biomarker profile is resolved from biomarkers
expressed or otherwise found in neutriphils that are
isolated from the whole blood. In some embodiments,
the biological sample is whole blood but the biomarker
profile is resolved from biomarkers expressed or
otherwise found in eosinophils that are isolated from
the whole blood. In some embodiments, the biological
sample is whole blood but the biomarker profile is
resolved from biomarkers expressed or otherwise found
in basophils that are isolated from the whole blood.
In some embodiments, the biological sample is whole
blood but the biomarker profile is resolved from
biomarkers expressed or otherwise found in lymphocytes
that are isolated from the whole blood. In some
embodiments, the biological sample is whole blood but
the biomarker profile is resolved from biomarkers
expressed or otherwise found in monocytes that are
isolated from the whole blood. In some embodiments,
the biological sample is whole blood but the biomarker
profile is resolved from one, two, three, four, five,
six, or seven cell types from the group of cells types
consisting of red blood cells, platelets, neutrophils,
eosinophils, basophils, lymphocytes, and monocytes.
[00151] A biomarker profile comprises a plurality of
one or more types of biomarkers (e.g., an mRNA
molecule, a cDNA molecule, a protein and/or a
carbohydrate, etc.), or an indication thereof,
together with features, such as a measurable aspect
(e.g. , abundance) ofthe biomarkers. A biomarker
profile can comprise at least two such biomarkers or
indications thereof, where the biomarkers can be in
the same or different classes, such as, for example, a
nucleic acid and a carbohydrate. In some embodiments,
a biomarker profile comprises at least 2, 3, 4, 5, 6,
7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20,
25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85,
90, 95, 96, 100, 105, 110, 115, 120, 125, 130, 135,
140, 145, 150, 155, 160, 165, 170, 175, 180, 185, 190,
195 or 200 or more biomarkers or indications thereof.
In one embodiment, a biomarker profile comprises
hundreds, or even thousands, of biomarkers or
indications thereof. In some embodiments, a biomarker
profile comprises at least 2, 3, 4, 5, 6, 7, 8, 9, 10,
11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 25, 30, 35,
40, 45, 50, or more biomarkers or indications thereof.
In one example, in some embodiments, a biomarker
profile comprises at least 2, 3, 4, 5, 6, 7, 8, 9, 10,
11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 25, 30, 35,
40, 45, 50, or more biomarkers selected from Table I
of Section 5.1 1, or indications thereof. In another
example, in some embodiments, a 



biomarker profile comprises at least 2, 3, 4, 5, 6, 7,
8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 25,
30, 35, 40 or more biomarkers selected from Table J of
Section 5.1 1, or indications thereof. In another
example, in some embodiments, a biomarker profile
comprises any 2, 3, 4, 5, 6, 7, 8, 9, or all ten
biomarkers in Table K of Section 5.1 1, or indications
thereof. [00152] In typical embodiments, each
biomarker in the biomarker profile is represented by a
feature. In other words, there is a correspondence
between biomarkers and features. In some embodiments,
the correspondence between biomarkers and features is
1:1, meaning that for each biomarker there is a
feature. In some embodiments, there is more than one
feature for each biomarker. In some embodiments the
number of features corresponding to one biomarker in
the biomarker profile is different than then number of
features corresponding to another biomarker in the
biomarker profile. As such, in some embodiments, a
biomarker profile can include at least 2, 3, 4, 5, 6,
7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20,
25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85,
90, 95, 96, 100, 105, 110, 115, 120, 125, 130, 135,
140, 145, 150, 155, 160, 165, 170, 175, 180, 185, 190,
195 or 200 or more features, provided that there are
at least 2, 3, 4, 5, 6, or 7 or more biomarkers in the
biomarker profile. In some embodiments, a biomarker
profile can include at least 2, 3, 4, 5, 6, 7, 8, 9,
10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 25, 30,
35, 40, 45, 50, or more features. Regardless of
embodiment, these features can be determined through
the use of any reproducible measurement technique or
combination of measurement techniques. Such techniques
include those that are well known in the art including
any technique describedherein or, for example, any
technique disclosed in Section 5.4, infra. Typically,
such techniques are used to measure feature values
using a biological sample taken from a subject at a
single point in time or multiple samples taken at
multiple points in time. In one embodiment, an
exemplary technique to obtain a biomarker profile from
a sample taken from a subject is a cDNA microarray
(see, e.g., Section 5.4.1.2 and Section 6, infra). In
another embodiment, an exemplary technique to obtain a
biomarker profile from a sample taken from a subject
is a protein-based assay or other form of
protein-based technique such as described in the BD
Cytometric Bead Array (CBA) Human Inflammation Kit
Instruction Manual (BD Biosciences) or the bead assay
described in U.S. Pat. No. 5,981,180, each of which is
incorporated herein by reference in their entirety,
and in particular for their teachings of various
methods of assay protein concentrations in biological
samples. In still another embodiment, the biomarker
profile is mixed, meaning that it comprises some
biomarkers that are nucleic acids, or indications
thereof, and some biomarkers that are proteins, or
indications thereof. In such embodiments, both protein
based and nucleic acid based techniques are used to
obtain a biomarker profile from one or more samples
taken from a subject. In other words, the feature
values for the features associated with the biomarkers
in the biomarker profile that are nucleic acids are
obtained by nucleic acid based measurement techniques
(e.g., a nucleic acid microarray) and the feature
values for the features associated with the biomarkers
in the biomarker profile that are proteins are
obtained by protein based measurement techniques. In
some embodiments biomarker profiles can be obtained
using a kit, such as a kit described in Section 5.3
below. [00153] In specific embodiments, a subject is
screened using the methods and compositions of the
invention as frequently as necessary (e.g., during
their stay in the ICU) to diagnose or predict sepsis
or SIRS in a subject, hi a preferred embodiment, the
subject is screened soon after they arrive in the ICU.
In some embodiments, the subject is screened daily
after they arrive in the ICU. In some embodiments, the
subject is screened every 1 to 4 hours, 1 to 8 hours,
8 to 12 hours, 12 to16 hours, or 16 to 24 hours after
they arrive in the ICU. 5.3 KITS [00154] The invention
also provides kits that are useful in diagnosing or
predicting the development of sepsis or diagnosing
SIRS in a subject. In some embodiments, the kits of
the present invention comprise at least 2, 3, 4, 5, 6,
7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20,
25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85,
90, 95, 96, 100, 105, 110, 115, 120, 125, 130, 135,
140, 145, 150, 155, 160, 165, 170, 175, 180, 185, 190,
195 or 200 ormore biomarkers and/or reagents to detect
the presence or abundance of such biomarkers. In other
embodiments, the kits of the present invention
comprise at least 2, but as many as several hundred or
more biomarkers. In some embodiments, the kits of the
present invention comprise at least 2, 3, 4, 5, 6, 7,
8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 25,
30, 35, 40, 45, 50 or more biomarkers selected from
Table I of Section 5.11. In some embodiments, the kits
of the present invention comprise at least 2, 3, 4, 5,
6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19,
20, 25, 30, 35, 40 or more biomarkers selected from
Table J of Section 5.11. In some embodiments, the kits
of the present invention comprise at least 2, 3, 4, 5,
6, 7, 8, 9, or all 10 of the biomarkers in Table K of
Section 5.11. In accordance with the definition of
biomarkers given in Section 5.1, in some instances, a
biomarker is in fact a discriminating molecule of, for
example, a gene, mRNA, or protein rather than the
gene, mRNA, or protein itself. Thus, a biomarker could
be a molecule that indicates the presence or abundance
of a particular gene or protein, or fragment thereof,
identified in any one of Tables I, J, or K of Section
5.11 rather than the actual gene or protein itself.
Such discriminating molecules are sometimes referred
to in the art as "reagents." In some embodiments, the
kits of the present invention comprise at least 2, but
as many as several hundred or more biomarkers. [00155]
The biomarkers of the kits of the present invention
can be used to generate biomarker profiles according
to the present invention. Examples of classes of
compounds of the kit include, but are not limited to,
proteins and fragments thereof, peptides,
proteoglycans, glycoproteins, lipoproteins,
carbohydrates, lipids, nucleic acids (e.g., DNA, such
as cDNA or amplified DNA, or RNA, such as mRNA),
organic or inorganic chemicals, natural or synthetic
polymers, small molecules (e.g., metabolites), or
discriminating molecules or discriminating fragments
of any of the foregoing. In a specific embodiment, a
biomarker is of a particular size, (e.g., at least 10,
15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75,
80, 85, 90, 95, 100, 105, 110, 115, 120, 125, 130,
135, 140, 145, 150, 155, 160, 165, 170, 175, 180, 185,
190, 195, 200, 1000, 2000, 3000, 5000, 10k, 20k, 100k
Daltons or greater). The biomarker(s) may be part of
an array, or the biomarker(s) may be packaged
separately and/or individually. The kit may also
comprise at least one internal standard to be used in
generating the biomarker profiles of the present
invention. Likewise, the internal standard or
standards can be any of the classes of compounds
described above. [00156] In one embodiment, the
invention provides kits comprising probes and/or
primers that may or may not be immobilized at an
addressable position on a substrate, suchas found, for
example, in a microarray. In a particular embodiment,
the invention provides such a microarray. [00157] In a
specific embodiment, the invention provides a kit for
predicting the development of sepsis in a test subject
that comprises a plurality of antibodies that
specifically bind the protein-based biomarkers listed
in any one of Tables 30, 31, 32, 33, 34, 36, 1, J, or
K. In such embodiments, the antibodies themselves are
biomarkers within the scope of the present invention.
In accordance with this embodiment, the kit may
comprise a set of antibodies or functional fragments
or derivatives thereof (e.g., Fab, F(ab')2, Fv, or
scFv fragments) that specifically bind at least 2, 3,
4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18,
19, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75,
80, 85, 90, 95, 100, 105, 110, 115, 120, 125, 130,
135, 140, 145, 150, 155, 160, 165, 170, 175, 180, 185,
190, 195 or 200 or more of the protein-based
biomarkers set forth in any one of Tables 30, 31, 32,
33, 34, 36, 1, J, or K. In accordance with this
embodiment, the kit may include antibodies, fragments
or derivatives thereof (e.g., Fab, F(ab')2 Fv, or scFv
fragments) that are specific for the biomarkers of the
present invention. In one embodiment, the antibodies
may be detectably labeled. [00158] In a specific
embodiment, the invention provides a kit for
predicting the development of sepsis in a test subject
comprises a plurality of antibodies that specifically
bind a plurality of the protein-based biomarkers
listed in Table I of Section 5.1 1. In accordance with
this embodiment, the kit may comprise a set of
antibodies or functional fragments or derivatives
thereof (e.g., Fab, F(ab')2, Fv, or scFv fragments)
that specifically bind at least 2, 3, 4, 5, 6, 7, 8,
9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 25, 30,
35, 40, 45, 50 or more of the biomarkers set forth in
Table I . In accordance with this embodiment, the kit
may include antibodies, fragments or derivatives
thereof (e.g., Fab, F(ab')2, Fv, or scFv fragments)
that are specific for the biomarkers of the present
invention. In one embodiment, the antibodies may be
detectably labeled. [00159] In other embodiments of
the invention, a kit may comprise a specific biomarker
binding component, such as an aptamer. If the
biomarkers comprise a nucleic acid, the kit may
provide an oligonucleotide probe that is capable of
forming a duplex with the biomarker or with a
complementary strand of a biomarker. The
oligonucleotide probe may be detectably labeled. In
such embodiments, the probes are themselves biomarkers
that 



fall within the scope of the present invention.
[00160] The kits of the present invention may also
include additional compositions, such as buffers, that
can be used in constructing the biomarker profile.
Prevention of theaction of microorganisms can be
ensured by the inclusion of various antibacterial and
antifungal agents, for example, paraben,
chlorobutanol, phenol sorbic acid, and the like. It
may also be desirable to include isotonic agents such
as sugars, sodium chloride, and the like. [00161] Some
kits of the present invention comprise a microarray.
In one embodiment this microarray comprises a
plurality of probe spots, wherein at least twenty
percent of the probe spots in the plurality of probe
spots correspond to biomarkers in any one of Tables
30, 31, 32, 33, 34, 36, 1, J, or K. In some
embodiments, at least twenty-five percent, at least
thirty percent, at least thirty-five percent, at least
forty percent, or at least sixty percent, or at least
eighty percent of the probe spots in the plurality of
probe spots correspond to biomarkers in any one of
Tables 30, 31, 32, 33, 34, 36, 1, J, or K. Such probe
spots are biomarkers within the scope of the present
invention. In some embodiments, the microarray
consists of between about three and about one hundred
probe spots on a substrate. In some embodiments, the
microarray consists of between about three and about
one hundred probe spots on a substrate. As used in
this context, the term "about" means within five
percent of the stated value, within ten percent of the
stated value, or within twenty-five percent of the
stated value. In some embodiments, such microarrays
contain one or more probe spots for inter-microarray
calibration or for calibration with other microarrays
such as reference microarrays using techniques that
are known to those of skill in the art. In some
embodiments such microarrays are nucleic acid
microarrays. In some embodiments, such microarrays are
protein microarrays. [00162] Some kits of the
invention may further comprise a computer program
product for use in conjunction with a computer system,
wherein the computer program product comprises a
computer readable storage medium and a computer
program mechanism embedded therein. In such kits, the
computer program mechanism comprises instructions for
evaluating whether a plurality of features in a
biomarker profile of a test subject at risk for
developing sepsis satisfies a first value set.
Satisfying the first value set predicts that the test
subject is likely to develop sepsis, hi one
embodiment, the plurality of features corresponds to
biomarkers listed in any one of Tables 30, 31, 32, 33,
34, 36, 1, J, or K. In some kits, the computer program
product further comprises instructions for evaluating
whether the plurality of features in the biomarker
profile of the test subject satisfies a second value
set. Satisfying the second value set predicts that the
test subject is not likely to develop sepsis.[00163]
Some kits of the present invention comprise a computer
having a central processing unit and a memory coupled
to the central processing unit. The memory stores
instructions for evaluating whether a plurality of
features in a biomarker profile of a test subject at
risk for developing sepsis satisfies a first value
set. Satisfying the first value set predicts that the
test subject is likely to develop sepsis. In one
embodiment, the plurality of features corresponds to
biomarkers listed in any one of Tables 30, 31, 32, 33,
34, 36, 15 J, or K. [00164] Fig. 35 details an
exemplary system that supports the functionality
described above. The system is preferably a computer
system 10 having:  a central processing unit 22;  a
main non-volatile storage unit 14, for example, a hard
disk drive, for storing software and data, the storage
unit 14 controlled by storage controller 12;  a system
memory 36, preferably high speed random-access memory
(RAM), for storing system control programs, data, and
application programs, comprising programs and data
loaded from non-volatile storage unit 14; system
memory 36 may also include read-only memory (ROM);  a
user interface 32, comprising one or more input
devices (e.g., keyboard 28) and a display 26 or other
output device;  a network interface card 20 for
connecting to any wired or wireless communication
network 34 (e.g., a wide area network such as the
Internet);  an internal bus 30 for interconnecting the
aforementioned elements of the system; and  a power
source 24 to power the aforementioned elements.
[00165] Operation of computer 10 is controlled
primarily by operating system 40, which is executed by
central processing unit 22. Operating system 40 can be
stored in system memory 36. In addition to operating
system 40, in a typical implementation, system memory
36 includes:  file system 42 for controlling access to
the various files and data structures used by the
present invention;  a training data set 44 for use in
construction one or more decision rules in accordance
with the present invention;  a data analysis algorithm
module 54 for processing training data and
constructing decision rules;  one or more decision
rules 56; a biomarker profile evaluation module 60 for
determining whether a plurality of features in a
biomarker profile of a test subject satisfies a first
value set or a second value set;  a test subject
biomarker profile 62 comprising biomarkers 64 and, for
each such biomarkers, features 66; and  a database 68
of select biomarkers of the present invention (e.g.,
Table 30 and/or Table I and/or Table J and/or Table K,
and/or Table L and/or Table M and/or Table N and/or
Table O etc.) and/or one or features for each of these
select biomarkers. [00166] Training data set 46
comprises data for a plurality of subjects 46. For
each subject 46 there is a subject identifier 48 and a
plurality of biomarkers 50. For each biomarker 50,
there is at least one feature 52. Although not shown
in Figure 35, for each feature 52, there is a feature
value. For each decision rule 56 constructed using
data analysis algorithms, there is at least one
decision rule value set 58. [00167] As illustrated in
Figure 35, computer 10 comprises software program
modules and data structures. The data structures
stored in computer 10 include training data set 44,
decision rules 56, test subject biomarker profile 62,
and biomarker database 68. Each of these data
structures can comprise any form of data storage
system including, but not limited to, a flat ASCII or
binary file, an Excel spreadsheet, a relational
database (SQL), or an on-line analytical processing
(OLAP) database (MDX and/or variants thereof). In some
specific embodiments, such data structures are each in
the form of one or more databases that include
hierarchical structure (e.g., a star schema). In some
embodiments, such data structures are each in the form
of databases that do not have explicit hierarchy
(e.g., dimension tables that are not hierarchically
arranged). [00168] In some embodiments, each of the
data structures stored or accessible to system 10 are
single data structures. In other embodiments, such
data structures in fact comprise a plurality of data
structures (e.g., databases, files, archives) that may
or may not all be hosted by the same computer 10. For
example, in some embodiments, training data set 44
comprises a plurality of Excel spreadsheets that are
stored either on computer 10 and/or on computers that
are addressable by computer 10 across wide area
network 34. In another example, traim'ng data set 44
comprises a database that is either stored on computer
10 or is distributed across one or more computers that
are addressable by computer 10 across wide area
network 34.[00169] It will be appreciated that many of
the modules and data structures illustrated in Figure
35 can be located on one or more remote computers. For
example, some embodiments of the present application
are web service-type implementations. In such
embodiments, biomarker profile evaluation module 60
and/or other modules can reside on a client computer
that is in communication with computer 10 via network
34. In some embodiments, for example, biomarker
profile evaluation module 60 can be an interactive web
page. [00170] In some embodiments, training data set
44, decision rules 56, and/or biomarker database 68
illustrated in Figure 35 are on a single computer
(computer 10) and in other embodiments one or more of
such data structures and modules are hosted by one or
more remote computers (not shown). Any arrangement of
the data structures and software modules illustrated
in Figure 35 on one or more computers is within the
scope of the present invention so long as these data
structures and software modules are addressable with
respect to each other across network 34 or by other
electronic means. Thus, the present invention fully
encompasses a broad array of computer systems. [00171]
Still another kit of the present invention comprises
computers and computer readable media for evaluating
whether a test subject is likely to develop sepsis or
SIRS. For instance, one embodiment of the present
invention provides a computer program product for 



use in conjunction with a computer system. The
computer program product comprises a computer readable
storage medium and a computer program mechanism
embedded therein. The computer program mechanism
comprises instructions for evaluating whether a
plurality of features in a biomarker profile of a test
subject at risk for developing sepsis satisfies a
first value set. Satisfaction of the first value set
predicts that the test subject is likely to develop
sepsis. The plurality of features are measurable
aspects of a plurality of biomarkers, the plurality of
biomarkers comprising at least three biomarkers listed
in Table I . In certain embodiments, the plurality of
biomarkers comprises at least six biomarkers listed in
Table I, wherein the plurality of biomarkers comprises
both IL-6 and IL-8. In some embodiments, the computer
program product further comprises instructions for
evaluating whether the plurality of features in the
biomarker profile of the test subject satisfies a
second value set. Satisfaction of the second value set
predicts that the test subject is not likely to
develop sepsis. In some embodiments, the biomarker
profile has between 3 and 50 biomarkers listed in
Table I, between 3 and 40 biomarkers listed in Table
I, at least four biomarkers listed in Table I, or at
least eight biomarkers listed in Table I .[00172]
Another kit of the present invention comprises a
central processing unit and a memory coupled to the
central processing unit. The memory stores
instructions for evaluating whether a plurality of
features in a biomarker profile of a test subject at
risk for developing sepsis satisfies a first value
set. Satisfaction of the first value set predicts that
the test subject is likely to develop sepsis. The
plurality of features are measurable aspects of a
plurality of biomarkers. This plurality of biomarkers
comprises at least three biomarkers from Table I . In
some embodiments, the plurality of biomarkers
comprises at least six biomarkers listed in Table I
when the plurality of biomarkers comprises both IL-6
and IL-8. In some embodiments, the memory further
stores instructions for evaluating whether the
plurality of features in the biomarker profile of the
test subject satisfies a second value set, wherein
satisfying the second value set predicts that the test
subject is not likely to develop sepsis. In some
embodiments, the biomarker profile consists of between
3 and 50 biomarkers listed in Table I, between 3 and
40 biomarkers listed in Table I, at least four
biomarkers listed in Table I., or at least eight
biomarkers listed in Table I . [00173] Another kit in
accordance with the present invention comprises a
computer system for determining whether a subject is
likely to develop sepsis. The computer system
comprises a central processing unit and a memory,
coupled to the central processing unit. The memory
stores instructions for obtaining a biomarker profile
of a test subject. The biomarker profile comprises a
plurality of features. Each feature in the plurality
of features is a measurable aspect of a corresponding
biomarker in a plurality of biomarkers. The plurality
of biomarkers comprises at least three biomarkers
listed in Table I. The memory further comprises
instructions for transmitting the biomarker profile to
a remote computer. The remote computer includes
instructions for evaluating whether the plurality of
features in the biomarker profile of the test subject
satisfies a first value set. Satisfaction of the first
value set predicts that the test subject is likely to
develop sepsis. The memory further comprises
instructions for receiving a determination, from the
remote computer, as to whether the plurality of
features in the biomarker profile of the test subject
satisfies the first value set. The memory also
comprises instructions for reporting whether the
plurality of features in the biomarker profile of the
test subject satisfies the first value set. In some
embodiments, the plurality of biomarkers comprises at
least six biomarkers listed in Table I when the
plurality of biomarkers comprises both IL-6 and IL-8.
In some embodiments, the remote computer further
comprises instructions for evaluating whether the
plurality of ' features in the biomarker profile of
the test subject satisfies a second value set.
Satisfaction of the second value set predicts that the
test subject is not likely to develop sepsis, hi
suchembodiments, the memory further comprises
instructions for receiving a determination, from the
remote computer, as to whether the plurality of
features in the biomarker profile of the test subject
satisfies the second set as well as instructions for
reporting whether the plurality of features in the
biomarker profile of the test subject satisfies the
second value set. In some embodiments, the plurality
of biomarkers comprises at least four biomarkers
listed in Table I . In some embodiments, the plurality
of biomarkers comprises at least six biomarkers listed
in Table I . [00174] Still another aspect of the
present invention comprises a digital signal embodied
on a carrier wave comprising a respective value for
each of a plurality of features in a biomarker
profile. The plurality of features are measurable
aspects of a plurality of biomarkers. The plurality of
biomarkers comprises at least three biomarkers listed
in Table I . In some embodiments, the plurality of
biomarkers comprises at least six biomarkers listed in
Table I when the plurality of biomarkers comprises
both IL-6 and IL-8. In some embodiments, the plurality
of biomarkers comprises at least four biomarkers
listed in Table I . In some embodiments, the plurality
of biomarkers comprises at least eight biomarkers
listed in Table I . [00175] Still another aspect of
the present invention provides a digital signal
embodied on a carrier wave comprising a determination
as to whether a plurality of features in a biomarker
profile of a test subject satisfies a value set. The
plurality of features are measurable aspects of a
plurality of biomarkers. This plurality of biomarkers
comprises at least three biomarkers listed in Table I.
Satisfying the value set predicts that the test
subject is likely to develop sepsis. In some
embodiments, the plurality of biomarkers comprises at
least six biomarkers listed in Table I when the
plurality of biomarkers comprises both IL-6 and IL-8.
In some embodiments, the plurality of biomarkers
comprises at least four biomarkers listed in Table I .
In some embodiments, the plurality of biomarkers
comprises at least eight biomarkers listed in Table I
. [00176] Still another embodiment provides a digital
signal embodied on a carrier wave comprising a
determination as to whether a plurality of features in
a biomarker profile of a test subject satisfies a
value set. The plurality of features are measurable
aspects of a plurality of biomarkers. The plurality of
biomarkers comprise at least three biomarkers listed
in Table I. Satisfaction of the value set predicts
that the test subject is not likely to develop sepsis.
In some embodiments, the plurality of biomarkers
comprises at least six biomarkers listed in Table I
when the plurality of biomarkers comprises both IL-6
and IL-8. In some embodiments, the plurality of
biomarkers comprises at least four biomarkers listedin
Table I. In some embodiments, the plurality of
biomarkers comprises at least eight biomarkers listed
in Table I . [00177] Still another embodiment of the
present invention provides a graphical user interface
for determining whether a subject is likely to develop
sepsis. The graphical user interface comprises a
display field for a displaying a result encoded in a
digital signal embodied on a carrier wave received
from a remote computer. The plurality of features are
measurable aspects of a plurality of biomarkers. The
plurality of biomarkers comprise at least three
biomarkers listed in Table I. The result has a first
value when a plurality of features in a biomarker
profile of a test subject satisfies a first value set.
The result has a second value when a plurality of
features in a biomarker profile of a test subject
satisfies a second value set. In some embodiments, the
plurality of biomarkers comprises at least six
biomarkers listed in Table I when the plurality of
biomarkers comprises IL-6 and IL-8. In some
embodiments, the plurality of biomarkers comprises at
least four biomarkers listed in Table I . In some
embodiments, the plurality of biomarkers comprises at
least eight biomarkers listed in Table I. [00178] Yet
another kit of the present invention provides a
computer system for determining whether a subject is
likely to develop sepsis. The computer system
comprises a central processing unit and a memory,
coupled to the central processing unit. The memory
stores instructions for obtaining a biomarker profile
of a test subject. The biomarker profile comprises a
plurality of features. The plurality of features are
measurable aspects of a plurality of biomarkers. The
plurality of biomarkers comprise at least three
biomarkers listed in Table I. The memory further
stores instructions for evaluating whether the
plurality of features in the biomarker profile of the
test subject satisfies a first value set. Satisfying
the first value set predicts that the test subject is
likely to develop sepsis. The memory also stores
instructions for reporting whether the plurality of
features in the biomarker profile of the test subject
satisfies the first value set. In some embodiments,
the plurality of biomarkers comprises at least six
biomarkers listed in Table I when the plurality of
biomarkers comprises both IL-6 and IL-8. In some
embodiments, the plurality of biomarkers comprises at
least four biomarkers listed in Table I. In some
embodiments, the plurality of biomarkers comprises at
least eight biomarkers listed in Table I . 5.4
GENERATION OF BIOMARKER PROFILES [00179] According to
one embodiment, the methods of the present invention
comprise generating a biomarker profile from a
biological sample taken from a subject. The biological
sample may be, for example, whole blood, plasma,
serum, red blood cells,platelets, neutrophils,
eosinophils, basophils, lymphocytes, monocytes,
saliva, sputum, urine, cerebral spinal fluid, cells, a
cellular extract, a tissue sample, a tissue biopsy, a
stool sample or any sample that may be obtained from a
subject using techniques well known to 



those of skill in the art. In a specific embodiment, a
biomarker profile is determined using samples
collected from a subject at one or more separate time
points. In another specific embodiment, a biomarker
profile is generated using samples obtained from a
subject at separate time points. In one example, these
samples are obtained from the subject either once or,
alternatively, on a daily basis, or more frequently,
e.g., every 4, 6, 8 or 12 hours. In a specific
embodiment, a biomarker profile is determined using
samples collected from a single tissue type. In
another specific embodiment, a biomarker profile is
determined using samples collected from at least two
different tissue types. 5.4.1 Methods of detecting
nucleic acid biomarkers [00180] In specific
embodiments of the invention, biomarkers in a
biomarker profile are nucleic acids. Such biomarkers
and corresponding features of the biomarker profile
may be generated, for example, by detecting the
expression product (e.g., a polynucleotide or
polypeptide) of one or more genes described herein
(e.g., a gene listed in Table 30, Table I, Table J, or
Table K.). In a specific embodiment, the biomarkers
and corresponding features in a biomarker profile are
obtained by detecting and/or analyzing one or more
nucleic acids expressed from a gene disclosed herein
(e.g., a gene listed in Table 30, Table I, Table J, or
Table K) using any method well known to those skilled
in the art including, but by no means limited to,
hybridization, microarray analysis, RT-PCR, nuclease
protection assays and Northern blot analysis. [00181]
In certain embodiments, nucleic acids detected and/or
analyzed by the methods and compositions of the
invention include RNA molecules such as, for example,
expressed RNA molecules which include messenger RNA
(mRNA) molecules, mRNA spliced variants as well as
regulatory RNA, cRNA molecules (e.g., RNA molecules
prepared from cDNA molecules that are transcribed in
vitro) and discriminating fragments thereof. Nucleic
acids detected and/or analyzed by the methods and
compositions of the present invention can also
include, for example, DNA molecules such as genomic
DNA molecules, cDNA molecules, and discriminating
fragments thereof (e.g., oligonucleotides, ESTs, STSs,
etc.). [00182] The nucleic acid molecules detected
and/or analyzed by the methods and compositions of the
invention may be naturally occurring nucleic acid
molecules such as genomic or extragenomic DNA
molecules isolated from a sample, or RNA molecules,
suchas mRNA molecules, present in, isolated from or
derived from a biological sample. The sample of
nucleic acids detected and/or analyzed by the methods
and compositions of the invention comprise, e.g.,
molecules of DNA, RNA, or copolymers of DNA and RNA.
Generally, these nucleic acids correspond to
particular genes or alleles of genes, or to particular
gene transcripts (e.g., to particular mRNA sequences
expressed in specific cell types or to particular cDNA
sequences derived from such mRNA sequences). The
nucleic acids detected and/or analyzed by the methods
and compositions of the invention may correspond to
different exons of the same gene, e.g., so that
different splice variants of that gene may be detected
and/or analyzed. [00183] In specific embodiments, the
nucleic acids are prepared in vitro from nucleic acids
present in, or isolated or partially isolated from
biological a sample. For example, in one embodiment,
RNA is extracted from a sample (e.g., total cellular
RNA, poly(A)+ messenger RNA, fraction thereof) and
messenger RNA is purified from the total extracted
RNA. Methods for preparing total and poly(A) RNA are
well known in the art, and are described generally,
e.g., in Sambrook et ah, 2001, Molecular Cloning: A
Laboratory Manual. 3rd ed. Cold Spring Harbor
Laboratory Press (Cold Spring Harbor, New York), which
is incorporated by reference herein in its entirety.
In one embodiment, RNA is extracted from a sample
using guanidinium thiocyanate lysis followed by CsCl
centrifugation and an oligo dT purification (Chirgwin
et al, 1979, Biochemistry 18:5294- 5299). In another
embodiment, RNA is extracted from a sample using
guanidinium thiocyanate lysis followed by purification
on RNeasy columns (Qiagen, Valencia, California). cDNA
is then synthesized from the purified mRNA using, e.g.
, oligo-dT or random primers. In specific embodiments,
the target nucleic acids are cRNA prepared from
purified messenger RNA extracted from a sample. As
used herein, cRNA is defined here as RNA complementary
to the source RNA. The extracted RNAs are amplified
using a process in which doubled-stranded cDNAs are
synthesized from the RNAs using a primer linked to an
RNA polymerase promoter in a direction capable of
directing transcription of anti-sense RNA. Anti-sense
RNAs or cRNAs are then transcribed from the second
strand of the double-stranded cDNAs using an RNA
polymerase (see, e.g., U.S. Patent Nos. 5,891,636,
5,716,785; 5,545,522 and 6,132,997, which are hereby
incorporated by reference). Both oligo-dT primers
(U.S. Patent Nos. 5,545,522 and 6,132,997, hereby
incorporated by reference herein) or random primers
that contain an RNA polymerase promoter or complement
thereof can be used. In some embodiments the target
nucleic acidsare short and/or fragmented nucleic acid
molecules which are representative of the original
nucleic acid population of the sample. [00184] In one
embodiment, nucleic acids of the invention can be
detectably labeled. For example, cDNA can be labeled
directly, e.g., with nucleotide analogs, or
indirectly, e.g., by making a second, labeled cDNA
strand using the first strand as a template.
Alternatively, the double-stranded cDNA can be
transcribed into cRNA and labeled. [00185] In some
embodiments the detectable label is a fluorescent
label, e.g., by incorporation of nucleotide analogs.
Other labels suitable for use in the present invention
include, but are not limited to, biotin, imminobiotin,
antigens, cofactors, dinitrophenol, lipoic acid,
olefmic compounds, detectable polypeptides, electron
rich molecules, enzymes capable of generating a
detectable signal by action upon a substrate, and
radioactive isotopes. Suitable radioactive isotopes
include P, S, C, N and I . Fluorescent molecules
suitable for the present invention include, but are
not limited to, fluorescein and its derivatives,
rhodamine and its derivatives, Texas red,
5'carboxy-fluorescein ("FMA"), 6-
carboxy-4',5'-dichloro-2',7'-dimethoxyfluorescein,
succinimidyl ester ("JOE"), 6-
carboxytetramethylrhodamine ("TAMRA"),
6Ncarboxy-X-rhodamine ("ROX"), HEX, TET, IRD40, and
IRD41 . Fluorescent molecules that are suitable for
the invention further include, but are not limited to:
cyamine dyes, including by not limited to Cy3, Cy3.5
and Cy5; BODIPY dyes including but not limited to
BODIPY-FL, BODIPY-TR, BODIPY-TMR, BODIPY-630/650,
BODIPY-650/670; and ALEXA dyes, including but not
limited to ALEXA-488, ALEXA-532, ALEXA-546, ALEXA-568,
and ALEXA-594; as well as other fluorescent dyes which
will be known to those who are skilled in the art.
Electron-rich indicator molecules suitable for the
present invention include, but are not limited to,
ferritin, hemocyanin, and colloidal gold.
Alternatively, in some embodiments the target nucleic
acids may be labeled by specifically complexing a
first group to the nucleic acid. A second group,
covalently linked to an indicator molecules and which
has an affinity for the first group, can be used to
indirectly detect the target nucleic acid. In such an
embodiment, compounds suitable for use as a first
group include, but are not limited to, biotin and
iminobiotin. Compounds suitable for use as a second
group include, but are not limited to, avidin and
streptavidin. 5.4.1.1 Nucleic acid arrays [00186] In
certain embodiments of the invention, nucleic acid
arrays are employed to generate features of biomarkers
in a biomarker profile by detecting the expression of
anyone or more of the genes described herein (e.g., a
gene listed in Table 30, Table I, Table J or Table K).
In one embodiment of the invention, a microarray, such
as a cDNA microarray, is used to determine feature
values of biomarkers in a biomarker profile. The
diagnostic use of cDNA arrays is well known in the
art. (See, e.g., Zou et. ah, 2002, Oncogene
21:4855-4862; as well as Draghici, 2003, Data Analysis
Toolsfor DNA Microarrays, Chapman & Hall/CRC, each of
which is hereby incorporated by reference herein in
its entirety). Exemplary methods for cDNA microarray
analysis are described below, and in the examples in
Section 6, infra. [00187] In certain embodiments, the
feature values for biomarkers in a biomarker profile
are obtained by hybridizing to the array detectably
labeled nucleic acids representing or corresponding to
the nucleic acid sequences in mRNA transcripts present
in a biological sample (e.g., fluorescently labeled
cDNA synthesized from the sample) to a microarray
comprising one or more probe spots. [00188] Nucleic
acid arrays, for example, microarrays, can be made in
a number of ways, of which several are described
herein below. Preferably, the arrays are reproducible,
allowing multiple copies of a given array to be
produced and results from said microarrays compared
with each other. Preferably, the arrays are made from
materials that are stable under binding (e.g., nucleic
acid hybridization) conditions. Those skilled in the
art will know of suitable supports, substrates or
carriers for hybridizing test probes to probe spots on
an array, or will be able to ascertain the same by use
of routine experimentation. [00189] Arrays, for
example, microarrays, used can include one or more
test probes. In some embodiments each such test probe
comprises a nucleic acid sequence that is 



complementary to a subsequence of RNA or DNA to be
detected. Each probe typically has a different nucleic
acid sequence, and the position of each probe on the
solid surface of the array is usually known or can be
determined. Arrays useful in accordance with the
invention can include, for example, oligonucleotide
microarrays, cDNA based arrays, SNP arrays, spliced
variant arrays and any other array able to provide a
qualitative, quantitative or semi-quantitative
measurement of expression of a gene described herein
(e.g., a gene listed in Table 30, Table I, Table J or
Table K). Some types of microarrays are addressable
arrays. More specifically, some microarrays are
positionally addressable arrays. In some embodiments,
each probe of the array is located at a known,
predetermined position on the solid support so that
the identity (e.g., the sequence) of each probe can be
determined from its position on the array (e.g., on
the support or surface). In some embodiments, the
arrays are ordered arrays. Microarrays are generally
described in Draghici, 2003, Data AnalysisToolsfor DNA
Microarrays, Chapman & Hall/CRC, which is hereby
incorporated herein by reference in its entirety.
[00190] In some embodiments of the present invention,
an expressed transcript (e.g. , a transcript of a gene
described herein) is represented in the nucleic acid
arrays. In such embodiments, a set of binding sites
can include probes with different nucleic acids that
are complementary to different sequence segments of
the expressed transcript. Exemplary nucleic acids that
fall within this class can be of length of 15 to 200
bases, 20 to 100 bases, 25 to 50 bases, 40 to 60 bases
or some other range of bases. Each probe sequence can
also comprise one or more linker sequences in addition
to the sequence that is complementary to its target
sequence. As used herein, a linker sequence is a
sequence between the sequence that is complementary to
its target sequence and the surface of support. For
example, the nucleic acid arrays of the invention can
comprise one probe specific to each target gene or
exon. However, if desired, the nucleic acid arrays can
contain at least 2, 5, 10, 100, or 1000 or more probes
specific to some expressed transcript (e.g., a
transcript of a gene described herein, e.g., in Table
30, Table I, Table J, or Table K). For example, the
array may contain probes tiled across the sequence of
the longest mRNA isoform of a gene. [00191] It will be
appreciated that when cDNA complementary to the RNA of
a cell, for example, a cell in a biological sample, is
made and hybridized to a microarray under suitable
hybridization conditions, the level of hybridization
to the site in the array corresponding to a gene
described herein (e.g., a gene listed in Table 30,
Table I, Table J, or Table K) will reflect the
prevalence in the cell of mRNA or mRNAs transcribed
from that gene. Alternatively, in instances where
multiple isoforms or alternate splice variants
produced by particular genes are to be distinguished,
detectably labeled (e.g., with a fluorophore) cDNA
complementary to the total cellular mRNA can be
hybridized to a microarray, and the site on the array
corresponding to an exon of the gene that is not
transcribed or is removed during RNA splicing in the
cell will have little or no signal (e.g., fluorescent
signal), and a site corresponding to an exon of a gene
for which the encoded mRNA expressing the exon is
prevalent will have a relatively strong signal. The
relative abundance of different mRNAs produced from
the same gene by alternative splicing is then
determined by the signal strength pattern across the
whole set of exons monitored for the gene. [00192] In
one embodiment, hybridization levels at different
hybridization times are measured separately on
different, identical microarrays. For each such
measurement, at hybridization time when hybridization
level is measured, the microarray is washed
briefly,preferably in room temperature in an aqueous
solution of high to moderate salt concentration (e.g.,
0.5 to 3 M salt concentration) under conditions which
retain all bound or hybridized nucleic acids while
removing all unbound nucleic acids. The detectable
label on the remaining, hybridized nucleic acid
molecules on each probe is then measured by a method
which is appropriate to the particular labeling method
used. The resulting hybridization levels are then
combined to form a hybridization curve. In another
embodiment, hybridization levels are measured in real
time using a single microarray. In this embodiment,
the microarray is allowed to hybridize to the sample
without interruption and the microarray is
interrogated at each hybridization time in a
non-invasive manner. In still another embodiment, one
can use one array, hybridize for a short time, wash
and measure the hybridization level, put back to the
same sample, hybridize for another period of time,
wash and measure again to get the hybridization time
curve. [00193] In some embodiments, nucleic acid
hybridization and wash conditions are chosen so that
the nucleic acid biomarkers to be analyzed
specifically bind or specifically hybridize to the
complementary nucleic acid sequences of the array,
typically to a specific array site, where its
complementary DNA is located. [00194] Arrays
containing double-stranded probe DNA situated thereon
can be subjected to denaturing conditions to render
the DNA single-stranded prior to contacting with the
target nucleic acid molecules. Arrays containing
single-stranded probe DNA (e.g., synthetic
oligodeoxyribonucleic acids) may need to be denatured
prior to contacting with the target nucleic acid
molecules, e.g., to remove hairpins or dimers which
form due to self complementary sequences. [00195]
Optimal hybridization conditions will depend on the
length (e.g. , oligomer versus polynucleotide greater
than 200 bases) and type (e.g., RNA, or DNA) of probe
and target nucleic acids. General parameters for
specific (i.e., stringent) hybridization conditions
for nucleic acids are described in Sambrook et al,
(supra), and in Ausubel et al, 1988, Current Protocols
in Molecular Biology, Greene Publishing and
Wiley-Interscience, New York. When the cDNA
microarrays of Shena et al. are used, typical
hybridization conditions are hybridization in 5 X SSC
plus 0.2% SDS at 65 0C for four hours, followed by
washes at 25C in low stringency wash buffer (1 X SSC
plus 0.2% SDS), followed by 10 minutes at 25C in
higher stringency wash buffer (0.1 X SSC plus 0.2%
SDS) (Shena et al, 1996, Proc. Natl. Acad. Sci. U.S.A.
93:10614). Useful hybridization conditions are also
provided in, e.g., Tijessen, 1993, Hybridization With
Nucleic Acid Probes, Elsevier Science Publishers B.V.;
Kricka,1992, Nonisotopic DNA Probe Techniques,
Academic Press, SanDiego, CA; and Zou et. al., 2002,
Oncogene 21:4855-4862; and Draghici, Data Analysis
Toolsfor DNA Microanalysis, 2003, CRC Press LLC, Boca
Raton, Florida, pp. 342-343, which are hereby
incorporated by reference herein in their entirety.
[00196] In a specific embodiment, a microarray can be
used to sort out RT-PCR products that have been
generated by the methods described, for example, below
in Section 5.4.1.2. 5.4.1.2 RT-PCR [00197] In certain
embodiments, to determine the feature values of
biomarkers in a biomarker profile of the invention,
the level of expression of one or more of the genes
described herein (e.g., a gene listed in Table 30,
Table I, Table J, or Table K) is measured by
amplifying RNA from a sample using reverse
transcription (RT) in combination with the polymerase
chain reaction (PCR). In accordance with this
embodiment, the reverse transcription may be
quantitative or semi-quantitative. The RT-PCR methods
taught herein may be used in conjunction with the
microarray methods described above, for example, in
Section 5.4.1.1. For example, a bulk PCR reaction may
be performed, the PCR products may be resolved and
used as probe spots on a microarray. See also Section
6.10, infra. [00198] Total RNA, or niRNA from a sample
is used as a template and a primer specific to the
transcribed portion of the gene(s) is used to initiate
reverse transcription. Methods of reverse transcribing
RNA into cDNA are well known and described in Sambrook
et al., 2001, supra. Primer design can be accomplished
based on known nucleotide sequences that have been
published or available from any publicly available
sequence database such as GenBank. For example,
primers may be designed for any of the genes described
herein (see, e.g., in Table 30, Table I, Table J, or
Table K). Further, primer design may be accomplished
by utilizing commercially available software (e.g.,
Primer Designer 1.0, Scientific Software etc.). The
product of the reverse transcription is subsequently
used as a template for PCR. [00199] PCR provides a
method for rapidly amplifying a particular nucleic
acid sequence by using multiple cycles of DNA
replication catalyzed by a thermostable, DNA-dependent
DNA polymerase to amplify the target sequence of
interest. PCR requires the presence of a nucleic acid
to be amplified, two single-stranded oligonucleotide
primers flanking the sequence to be amplified, a DNA
polymerase, deoxyribonucleoside triphosphates, a
buffer and salts. The method of PCR is well known in
the art. PCR, is performed, for example, as described
in Mullis and Faloona, 1987, Methods Enzymol. 155:335,
which is hereby incorporated herein by reference in
its entirety.[00200] PCR can be performed using
template DNA or cDNA (at least lfg; more usefully,
1-1000 ng) and at least 25 pmol of oligonucleotide
primers. A typical reaction mixture includes: 2 ml of
DNA, 25 pmol of oligonucleotide primer, 2.5 ml of 10 M
PCR buffer 1 (Perkin-Elmer, Foster City, CA), 0.4 ml
of 1.25 M dNTP, 0.15 ml (or 2.5 units) of Taq DNA
polymerase (Perkin Elmer, Foster City, CA) and
deionized water to a total volume of 25 ml . Mineral
oil is overlaid and the PCR is performed using a
programmable 



thermal cycler. [00201] The length and temperature of
each step of a PCR cycle, as well as the number of
cycles, are adjusted according to the stringency
requirements in effect. Annealing temperature and
timing are determined both by the efficiency with
which a primer is expected to anneal to a template and
the degree of mismatch that is to be tolerated. The
ability to optimize the stringency of primer annealing
conditions is well within the knowledge of one of
moderate skill in the art. An annealing temperature of
between 30C and 72C is used. Initial denaturation of
the template molecules normally occurs at between 92C
and 99C for 4 minutes, followed by 20-40 cycles
consisting of denaturation (94-990C for 15 seconds to
1 minute), annealing (temperature determined as
discussed above; 1-2 minutes), and extension (72C for
1 minute). The final extension step is generally
carried out for 4 minutes at 72C, and may be followed
by an indefinite (0-24 hour) step at 4C. [00202]
Quantitative RT-PCR ("QRT-PCR"), which is quantitative
in nature, can also be performed to provide a
quantitative measure of gene expression levels. In
QRTPCR reverse transcription and PCR can be performed
in two steps, or reverse transcription combined with
PCR can be performed concurrently. One of these
techniques, for which there are commercially available
kits such as Taqman (Perkin Elmer, Foster City,
California) or as provided by Applied Biosystems
(Foster City, California) is performed with a
transcript-specific antisense probe. This probe is
specific for the PCR product (e.g. a nucleic acid
fragment derived from a gene) and is prepared with a
quencher and fluorescent reporter probe complexed to
the 5' end of the oligonucleotide. Different
fluorescent markers are attached to different
reporters, allowing for measurement of two products in
one reaction. When Taq DNA polymerase is activated, it
cleaves off the fluorescent reporters of the probe
bound to the template by virtue of its 5'-to-3'
exonuclease activity. In the absence of the quenchers,
the reporters now fluoresce. The color change in the
reporters is proportional to the amount of each
specific product and is measured by a fluorometer;
therefore, the amount of each color is measured and
the PCR product is quantified. The PCR reactions are
performed in 96-well plates so that samples derived
from manyindividuals are processed and measured
simultaneously. The Taqman system has the additional
advantage of not requiring gel electrophoresis and
allows for quantification when used with a standard
curve. [00203] A second technique useful for detecting
PCR products quantitatively is to use an intercolating
dye such as the commercially available QuantiTect SYBR
Green PCR (Qiagen, Valencia California). RT-PCR is
performed using SYBR green as a fluorescent label
which is incorporated into the PCR product during the
PCR stage and produces a flourescense proportional to
the amount of PCR product. [00204] Both Taqman and
QuantiTect SYBR systems can be used subsequent to
reverse transcription of RNA. Reverse transcription
can either be performed in the same reaction mixture
as the PCR step (one-step protocol) or reverse
transcription can be performed first prior to
amplification utilizing PCR (two-step protocol).
[00205] Additionally, other systems to quantitatively
measure rnRNA expression products are known including
Molecular Beacons(r) which uses a probe having a
fluorescent molecule and a quencher molecule, the
probe capable of forming a hairpin structure such that
when in the hairpin form, the fluorescence molecule is
quenched, and when hybridized the fluorescence
increases giving a quantitative measurement of gene
expression. [00206] Additional techniques to
quantitatively measure RNA expression include, but are
not limited to, polymerase chain reaction, ligase
chain reaction, Qbeta replicase (see, e.g.,
International Application No. PCT/US87/00880, which is
hereby incorporated by reference), isothermal
amplification method (see, e.g., Walker etal.,1992,
PNAS 89:382- 396, which is hereby incorporated herein
by reference), strand displacement amplification
(SDA), repair chain reaction, Asymmetric Quantitative
PCR (see, e.g., U.S. Publication No. US 2003/301
34307A1, herein incorporated by reference) and the
multiplex microsphere bead assay described in Fuja et
ah, 2004, Journal of Biotechnology 108:193-205, herein
incorporated by reference. [00207] The level of
expression of one or more of the genes described
herein (e.g., the genes listed in Table 30, Table I,
Table J, or Table K) can, for example, be measured by
amplifying RNA from a sample using amplification
(NASBA). See, e.g., Kwoh et a/.,1989, PNAS USA
86:1173; International Publication No. WO 88/10315;
and U.S. PatentNo. 6,329,179, each of which is hereby
incorporated by reference. In NASBA, the nucleic acids
may be prepared for amplification using conventional
methods, e.g., phenol/chloroform extraction, heat
denaturation, treatment with lysis buffer and minispin
columns for isolation of DNA and RNA or guanidinium
chloride extraction of RNA. These
amplificationtechniques involve annealing a primer
that has target specific sequences. Following
polymerization, DNA/RNA hybrids are digested with
RNase H while double stranded DNA molecules are heat
denatured again. In either case the single stranded
DNA is made fully double stranded by addition of
second target specific primer, followed by
polymerization. The double-stranded DNA molecules are
then multiply transcribed by a polymerase such as T7
or SP6. In an isothermal cyclic reaction, the RNA' s
are reverse transcribed into double stranded DNA, and
transcribed once with a polymerase such as T7 or SP6.
The resulting products, whether truncated or complete,
indicate target specific sequences. [00208] Several
techniques may be used to separate amplification
products. For example, amplification products may be
separated by agarose, agarose-acrylamide or
polyacrylamide gel electrophoresis using conventional
methods. See Sambrook et ah, 2001 . Several techniques
for detecting PCR products quantitatively without
electrophoresis may also be used according to the
invention (see, e.g., PCR Protocols, A Guide to
Methods and Applications, Innis et ah, 1990, Academic
Press, Inc. N.Y., which is hereby incorporated by
reference). For example, chromatographic techniques
may be employed to effect separation. There are many
kinds of chromatography which may be used in the
present invention: adsorption, partition, ion-exchange
and molecular sieve, HPLC, and many specialized
techniques for using them including column, paper,
thin-layer and gas chromatography (Freifelder,
Physical Biochemistry Applications to Biochemistry and
Molecular Biology, 2nd ed., Wm. Freeman and Co., New
York, N.Y., 1982, which is hereby incorporated by
reference). [00209] Another example of a separation
methodology is to covalently label the oligonucleotide
primers used in a PCR reaction with various types of
small molecule ligands. In one such separation, a
different ligand is present on each oligonucleotide. A
molecule, perhaps an antibody or avidin if the ligand
is biotin, that specifically binds to one of the
ligands is used to coat the surface of a plate such as
a 96 well ELISA plate. Upon application of the PCR
reactions to the surface of such a prepared plate, the
PCR products are bound with specificity to the
surface. After washing the plate to remove unbound
reagents, a solution containing a second molecule that
binds to the first ligand is added. This second
molecule is linked to some kind of reporter system.
The second molecule only binds to the plate if a PCR
product has been produced whereby both oligonucleotide
primers are incorporated into the final PCR products.
The amount of the PCR product is then detected and
quantified in a commercial plate reader much as ELISA
reactions are detected andquantified. An ELISA-like
system such as the one described here has been
developed by Raggio Italgene (under the C-Track
tradename. [00210] Amplification products should be
visualized in order to confirm amplification of the
nucleic acid sequences of interest, i.e., nucleic acid
sequences of one or more of the genes described herein
(e.g., a gene listed in Table 30, Table I, Table J, or
Table K). One typical visualization method involves
staining of a gel with ethidium bromide and
visualization under UV light. Alternatively, if the
amplification products are integrally labeled with
radio- or fiuorometrically-labeled nucleotides, the
amplification products may then be exposed to x-ray
film or visualized under the appropriate stimulating
spectra, following separation. [00211] In one
embodiment, visualization is achieved indirectly.
Following separation of amplification products, a
labeled, nucleic acid probe is brought into contact
with the amplified nucleic acid sequence of interest,
i.e., nucleic acid sequences of one or more of the
genes described herein (e.g., a gene listed in Table
30, Table I, Table J, or Table K). The probe
preferably is conjugated to a chromophore but may be
radiolabeled. In another embodiment, the probe is
conjugated to a binding partner, such as an antibody
or biotin, where the other member of the binding pair
carries a detectable moiety. [00212] In another
embodiment, detection is by Southern blotting and
hybridization with a labeled probe. The techniques
involved in Southern blotting are well known to those
of skill in the art and may be found in many standard
books on molecular protocols. See Sambrook et ah,
2001. Briefly, amplification products are separated by
gel electrophoresis. The gel is then contacted with a
membrane, such as nitrocellulose, permitting transfer
of the nucleic acid and non-covalent binding.
Subsequently, the membrane is incubated with a
chromophore-conjugated probe that is capable of
hybridizing with a target amplification 



product. Detection is by exposure of the membrane to
x-ray film or ion-emitting detection devices. One
example of the foregoing is described in U.S. Pat. No.
5,279,721, incorporated by reference herein, which
discloses an apparatus and method for the automated
electrophoresis and transfer of nucleic acids. The
apparatus permits electrophoresis and blotting without
external manipulation of the gel and is ideally suited
to carrying out methods according to the present
invention. 5.4.1.3 Nuclease protection assays [00213]
In particular embodiments, feature values for
biomarkers in a biomarker profile can be obtained by
performing nuclease protection assays (including
bothribonuclease protection assays and Sl nuclease
assays) to detect and quantify specific mRNAs (e.g.,
niRNAs of a gene described in Table 30, Table I5Table
J, or Table K). Such assays are described in, for
example, Sambrook et al, 2001, supra. In nuclease
protection assays, an antisense probe (labeled with,
e.g., radiolabeled or nonisotopic) hybridizes in
solution to an RNA sample. Following hybridization,
single-stranded, unhybridized probe and RNA are
degraded by nucleases. An acrylamide gel is used to
separate the remaining protected fragments. Typically,
solution hybridization is more efficient than
membranebased hybridization,- and it can accommodate
up to 100 mg of sample RNA, compared with the 20-30 mg
maximum of blot hybridizations. [00214] The
ribonuclease protection assay, which is the most
common type of nuclease protection assay, requires the
use of RNA probes. Oligonucleotides and other
single-stranded DNA probes can only be used in assays
containing Sl nuclease. The singlestranded, antisense
probe must typically be completely homologous to
target RNA to prevent cleavage of the probe:target
hybrid by nuclease. 5.4.1.4 Northern blot assays
[00215] Any hybridization technique known to those of
skill in the art can be used to generate feature
values for biomarkers in a biomarker profile. In other
particular embodiments, feature values for biomarkers
in a biomarker profile can be obtained by Northern
blot analysis (to detect and quantify specific RNA
molecules (e.g., RNAs of a gene described in Table 30,
Table I, Table J, or Table K). A standard Northern
blot assay can be used to ascertain an RNA transcript
size, identify alternatively spliced RNA transcripts,
and the relative amounts of one or more genes
described herein (in particular, mRNA) in a sample, in
accordance with conventional Northern hybridization
techniques known to those persons of ordinary skill in
the art. In Northern blots, RNA samples are first
separated by size via electrophoresis in an agarose
gel under denaturing conditions. The RNA is then
transferred to a membrane, crosslinked and hybridized
with a labeled probe. Nonisotopic or high specific
activity radiolabeled probes can be used including
randomprimed, nick-translated, or PCR-generated DNA
probes, in vitro transcribed RNA probes, and
oligonucleotides. Additionally, sequences with only
partial homology (e.g., cDNA from a different species
or genomic DNA fragments that might contain an exon)
may be used as probes. The labeled probe, e.g.,
radiolabeled cDNA, either containing the full-length,
single stranded DNA or a fragment of that DNA sequence
may be at least 20, at least 30, at least 50, or at
least 100 consecutive nucleotides in length. The probe
can be labeled by anyof the many different methods
known to those skilled in this art. The labels most
commonly employed for these studies are radioactive
elements, enzymes, chemicals that fluoresce when
exposed to ultraviolet light, and others. A number of
fluorescent materials are known and can be utilized as
labels. These include, but are not limited to,
fluorescein, rhodamine, auramine, Texas Red, AMCA blue
and Lucifer Yellow. The radioactive label can be
detected by any of the currently available counting
procedures. Non-limiting examples of isotopes include
3H, 14C, 32P, 35S, 36Cl, 5 1Cr, 57Co, 58Co, 59Fe5 90Y,
1251, 131 I, and 186Re. Enzyme labels are likewise
useful, and can be detected by any of the presently
utilized colorimetric, spectrophotometric,
fluorospectrophotometric, amperometric or gasometric
techniques. The enzyme is conjugated to the selected
particle by reaction with bridging molecules such as
carbodiimides, diisocyanates, glutaraldehyde and the
like. Any enzymes known to one of skill in the art can
be utilized. Examples of such enzymes include, but are
not limited to, peroxidase, beta-D-galactosidase,
urease, glucose oxidase plus peroxidase and alkaline
phosphatase. U.S. Patent Nos. 3,654,090, 3,850,752,
and 4,016,043 are referred to by way of example for
their disclosure of alternate labeling material and
methods. 5.4.2 Methods of detecting proteins [00216]
In specific embodiments of the invention, feature
values of biomarkers in a biomarker profile can be
obtained by detecting proteins, for example, by
detecting the expression product (e.g., a nucleic acid
or protein) of one or more genes described herein
(e.g., a gene listed in Table 30, Table I, Table J, or
Table K), or post-translationally modified, or
otherwise modified, or processed forms of such
proteins. In a specific embodiment, a biomarker
profile is generated by detecting and/or analyzing one
or more proteins and/or discriminating fragments
thereof expressed from a gene disclosed herein (e.g.,
a gene listed in Table 30, Table I, Table J, or Table
K) using any method known to those skilled in the art
for detecting proteins including, but not limited to
protein microarray analysis, immunohistochemistry and
mass spectrometry. [00217] Standard techniques may be
utilized for determining the amount of the protein or
proteins of interest (e.g., proteins expressed from
genes listed in Table 30, Table I, Table J, or Table
K) present in a sample. For example, standard
techniques can be employed using, e.g., immunoassays
such as, for example Western blot, immunoprecipitation
followed by sodium dodecyl sulfate polyacrylamide gel
electrophoresis, (SDS-PAGE), immunocytochemistry, and
the like to determine the amount of protein or
proteins of interest present in a sample. One
exemplary agent for detecting aprotein of interest is
an antibody capable of specifically binding to a
protein of interest, preferably an antibody detectably
labeled, either directly or indirectly. [00218] For
such detection methods, if desired a protein from the
sample to be analyzed can easily be isolated using
techniques which are well known to those of skill in
the art. Protein isolation methods can, for example,
be such as those described in Harlow and Lane, 1988,
Antibodies: A Laboratory Manual, Cold Spring Harbor
Laboratory Press (Cold Spring Harbor, New York), which
is incorporated by reference herein in its entirety.
[00219] In certain embodiments, methods of detection
of the protein or proteins of interest involve their
detection via interaction with a protein-specific
antibody. For example, antibodies directed to a
protein of interest (e.g., a protein expressed from a
gene described herein, e.g., a protein listed in Table
30, Table I, Table J, or Table K). Antibodies can be
generated utilizing standard techniques well known to
those of skill in the art. In specific embodiments,
antibodies can be polyclonal, or more preferably,
monoclonal. An intact antibody, or an antibody
fragment {e.g., scFv, Fab or F(ab')2) can, for
example, be used. [00220] For example, antibodies, or
fragments of antibodies, specific for a protein of
interest can be used to quantitatively or
qualitatively detect the presence of a protein. This
can be accomplished, for example, by
immunofluorescence techniques. Antibodies (or
fragments thereof) can, additionally, be employed
histologically, as in immunofluorescence or
immunoelectron microscopy, for in situ detection of a
protein of interest. In situ detection can be
accomplished by removing a biological sample {e.g., a
biopsy specimen) from a patient, and applying thereto
a labeled antibody that is directed to a protein of
interest {e.g., a protein expressed from a gene in
Table 30, Table I, Table J, or Table K). The antibody
(or fragment) is preferably applied by overlaying the
antibody (or fragment ) onto a biological sample.
Through the use of such a procedure, it is possible to
determine not only the presence of the protein of
interest, but also its distribution, in a particular
sample. A wide variety of well-known histological
methods (such as staining procedures) can be utilized
to achieve such in situ detection. [00221]
Immunoassays for a protein of interest typically
comprise incubating a biological sample of a
detectably labeled antibody capable of identifying a
protein of interest, and detecting the bound antibody
by any of a number of techniques well-known in the
art. As discussed in more detail, below, the term
"labeled" can refer to direct labeling of the antibody
via, e.g., coupling {i.e., physically linking) a
detectable substance to the antibody, and can also
refer to indirect labeling of the antibody by
reactivity with anotherreagent that is directly
labeled. Examples of indirect labeling include
detection of a primary antibody using a fluorescently
labeled secondary antibody. [00222] The biological
sample can be brought in contact with and immobilized
onto a solid phase support or carrier such as
nitrocellulose, or other solid support which is
capable of immobilizing cells, cell particles or
soluble proteins. The support can then be washed with
suitable buffers followed by treatment with the
detectably labeled fingerprint genespecific antibody.
The solid phase support can then be washed with the
buffer a second time to remove unbound antibody. The
amount of bound label on solid support can then be
detected by conventional methods. 



[00223] By "solid phase support or carrier" is
intended any support capable of binding an antigen or
an antibody. Well-known supports or carriers include
glass, polystyrene, polypropylene, polyethylene,
dextran, nylon, amylases, natural and modified
celluloses, polyacrylamides and magnetite. The nature
of the carrier can be either soluble to some extent or
insoluble for the purposes of the present invention.
The support material can have virtually any possible
structural configuration so long as the coupled
molecule is capable of binding to an antigen or
antibody. Thus, the support configuration can be
spherical, as in a bead, or cylindrical, as in the
inside surface of a test tube, or the external surface
of a rod. Alternatively, the surface can be flat such
as a sheet, test strip, etc. Preferred supports
include polystyrene beads. Those skilled in the art
will know many other suitable carriers for binding
antibody or antigen, or will be able to ascertain the
same by use of routine experimentation. [00224] One of
the ways in which an antibody specific for a protein
of interest can be detectably labeled is by linking
the same to an enzyme and use in an enzyme immunoassay
(EIA) (Voller, 1978, "The Enzyme Linked Immunosorbent
Assay (ELISA)", Diagnostic Horizons 2:1-7,
Microbiological Associates Quarterly Publication,
Walkersville, MD; Voller et al, 1978, J . Clin.
Pathol. 31:507-520; Butler, J.E., 1981, Meth. Enzymol.
73:482-523; Maggio (ed.), 1980, Enzyme Immunoassay,
CRC Press, Boca Raton, FL; Ishikawa et ah, (eds.),
1981, Enzyme Immunoassay, Kgaku Shoin, Tokyo, each of
which is hereby incorporated by reference in its
entirety). The enzyme which is bound to the antibody
will react with an appropriate substrate, preferably a
chromogenic substrate, in such a manner as to produce
a chemical moiety which can be detected, for example,
by spectrophotometric, fluorimetric or by visual
means. Enzymes which can be used to detectably label
the antibody include, but are not limited to, malate
dehydrogenase, staphylococcal nuclease,
delta-5-steroid isomerase, yeast alcohol
dehydrogenase,alpha-glycerophosphate, dehydrogenase,
triose phosphate isomerase, horseradish peroxidase,
alkaline phosphatase, asparaginase, glucose oxidase,
beta-galactosidase, ribonuclease, urease, catalase,
glucose-6-phosphate dehydrogenase, glucoamylase and
acetylcholinesterase. The detection can be
accomplished by colorimetric methods which employ a
chromogenic substrate for the enzyme. Detection can
also be accomplished by visual comparison of the
extent of enzymatic reaction of a substrate in
comparison with similarly prepared standards. [00225]
Detection can also be accomplished using any of a
variety of other immunoassays. For example, by
radioactively labeling the antibodies or antibody
fragments, it is possible to detect a protein of
interest through the use of a radioimmunoassay (RIA)
(see, for example, Weintraub, 1986, Principles of
Radioimmunoassays, Seventh Training Course on
Radioligand Assay Techniques, The Endocrine Society,
which is hereby incorporated by reference herein). The
radioactive isotope {e.g., 1251, 1311, 35S or 3H) can
be detected by such means as the use of a gamma
counter or a scintillation counter or by
autoradiography. [00226] It is also possible to label
the antibody with a fluorescent compound. When the
fluorescently labeled antibody is exposed to light of
the proper wavelength, its presence can then be
detected due to fluorescence. Among the most commonly
used fluorescent labeling compounds are fluorescein
isothiocyanate, rhodamine, phycoerythrin, phycocyanin,
allophycocyanin, o-phthaldehyde and fluorescamine.
[00227] The antibody can also be detectably labeled
using fluorescence emitting metals such as 152Eu, or
others of the lanthanide series. These metals can be
attached to the antibody using such metal chelating
groups as diethylenetriarninepentacetic acid (DTPA) or
ethylenediaminetetraacetic acid (EDTA). [00228] The
antibody also can be detectably labeled by coupling it
to a chemiluminescent compound. The presence of the
chemiluminescent-tagged antibody is then determined by
detecting the presence of luminescence that arises
during the course of a chemical reaction. Examples of
particularly useful chemiluminescent labeling
compounds are luminol, isoluminol, theromatic
acridinium ester, imidazole, acridinium salt and
oxalate ester. [00229] Likewise, a bioluminescent
compound can be used to label the antibody of the
present invention. Bioluminescence is a type of
chemiluminescence found in biological systems in,
which a catalytic protein increases the efficiency of
the chemiluminescent reaction. The presence of a
bioluminescent protein is determined by detecting the
presenceof luminescence. Important bioluminescent
compounds for purposes of labeling are luciferin,
luciferase and aequorin. [00230] In another
embodiment, specific binding molecules other than
antibodies, such as aptamers, may be used to bind the
biomarkers. In yet another embodiment, the biomarker
profile may comprise a measurable aspect of an
infectious agent (e.g., lipopolysaccharides or viral
proteins) or a component thereof. [00231] In some
embodiments, a protein chip assay (e.g. , The
ProteinChip(r) Biomarker System, Ciphergen, Fremont,
California) is used to measure feature values for the
biomarkers in the biomarker profile. See also, for
example, Lin, 2004, Modern Pathology, 1-9; Li, 2004,
Journal of Urology 171, 1782-1787; Wadsworth, 2004,
Clinical Cancer Research, 10, 1625-1632; Prieto, 2003,
Journal of Liquid Chromatography & Related
Technologies 26, 2315-2328; Coombes, 2003, Clinical
Chemistry 49, 1615-1623; Mian, 2003, Proteomics 3,
1725-1737; Lehre et a!., 2003, BJU International 92,
223-225; and Diamond, 2003, Journal of the American
Society for Mass Spectrometry 14, 760-765, each of
which is hereby incorporated by reference in its
entirety. [00232] In some embodiments, a bead assay is
used to measure feature values for the biomarkers in
the biomarker profile. One such bead assay is the
Becton Dickinson Cytometric Bead Array (CBA). CBA
employs a series of particles with discrete
fluorescence intensities to simultaneously detect
multiple soluble analytes. CBA is combined with flow
cytometry to create a multiplexed assay. The Becton
Dickinson CBA system, as embodied for example in the
Becton Dickinson Human Inflammation Kit, uses the
sensitivity of amplified fluorescence detection by
flow cytometry to measure soluble analytes in a
particle-based immunoassay. Each bead in a CBA
provides a capture surface for a specific protein and
is analogous to an individually coated well in an
ELISA plate. The BD CBA capture bead mixture is in
suspension to allow for the detection of multiple
analytes in a small volume sample. In some embodiments
the multiplex analysis method described in U.S. Pat.
No. 5,981,180 ("the '180 patent"), herein incorporated
by reference in its entirety, and in particular for
its teachings of the general methodology, bead
technology, system hardware and antibody detection, is
used to measure feature values for the biomarkers in a
biomarker profile. For this analysis, a matrix of
microparticles is synthesized, where the matrix
consists of different sets of microparticles. Each set
of microparticles can have thousands of molecules of a
distinct antibody capture reagent immobilized on the
microparticle surface and can be color-coded by
incorporation of varying amounts of two fluorescent
dyes. Theratio of the two fluorescent dyes provides a
distinct emission spectrum for each set of
microparticles, allowing the identification of a
microparticle a set following the pooling of the
various sets of microparticles. U.S. Pat. Nos.
6,268,222 and 6,599,331 also are incorporated herein
by reference in their entirety, and in particular for
their teachings of various methods of labeling
microparticles for multiplex analysis. 5.4.3 Use of
other methods of detection [00233] In some
embodiments, a separation method may be used determine
feature values for biomarkers in a biomarker profile,
such that only a subset of biomarkers within the
sample is analyzed. For example, the biomarkers that
are analyzed in a sample may be mRNA species from a
cellular extract which has been fractionated to obtain
only the nucleic acid biomarkers within the sample, or
the biomarkers may be from a fraction of the total
complement of proteins within the sample, which have
been fractionated by chromatographic techniques.
[00234] Feature values for biomarkers in a biomarker
profile can also, for example, be generated by the use
of one or more of the following methods described
below. For example, methods may include nuclear
magnetic resonance (NMR) spectroscopy, a mass
spectrometry method, such as electrospray ionization
mass spectrometry (ESI-MS), ESI-MS/MS, ESI-MS/(MS) n
(n is an integer greater than zero), matrix-assisted
laser desorption ionization time-of-flight mass
spectrometry (MALDI-TOF-MS), surfaceenhanced laser
desorption/ionization time-of-flight mass spectrometry
(SELDI-TOF-MS), desorption/ionization on silicon
(DIOS), secondary ion mass spectrometry (SIMS),
quadrupole time-of-flight (Q-TOF), atmospheric
pressure chemical ionization mass spectrometry
(APCI-MS), APCI-MS/MS, APCI-(MS)11, atmospheric
pressure photoionization mass spectrometry (APPI-MS),
APPI-MS/MS, and APPI-(MS)". Other mass spectrometry
methods may include, inter alia, quadrupole, Fourier
transform mass spectrometry (FTMS) and ion trap. Other
suitable methods may include chemical 



extraction partitioning, column chromatography, ion
exchange chromatography, hydrophobic (reverse phase)
liquid chromatography, isoelectric focusing,
one-dimensional polyacrylamide gel electrophoresis
(PAGE), two-dimensional polyacrylamide gel
electrophoresis (2D-PAGE) or other chromatography,
such as thin-layer, gas or liquid chromatography, or
any combination thereof. In one embodiment, the
biological sample may be fractionated prior to
application of the separation method.[00235] In one
embodiment, laser desorption/ionization time-of-flight
mass spectrometry is used to create determine feature
values in a biomarker profile where the biomarkers are
proteins or protein fragments that have been ionized
and vaporized off an immobilizing support by incident
laser radiation and the feature values are the
presence or absence of peaks representing these
fragments in the mass spectra profile. A variety of
laser desorption/ionization techniques are known in
the art (see, e.g., Guttman et ah, 2001, Anal. Chem.
73:1252-62 and Wei et ah, 1999, Nature 399:243-246,
each of which is hereby incorporated by herein be
reference in its entirety). [00236] Laser
desorption/ionization time-of-flight mass spectrometry
allows the generation of large amounts of information
in a relatively short period of time. A biological
sample is applied to one of several varieties of a
support that binds all of the biomarkers, or a subset
thereof, in the sample. Cell lysates or samples are
directly applied to these surfaces in volumes as small
as 0.5 mL, with or without prior purification or
fractionation. The lysates or sample can be
concentrated or diluted prior to application onto the
support surface. Laser desorption/ionization is then
used to generate mass spectra of the sample, or
samples, in as little as three hours. 5.5 DATA
ANALYSIS ALGORITHMS [00237] Biomarkers whose
corresponding feature values are capable of
discriminating between converters and nonconverters
are identified in the present invention. The identity
of these biomarkers and their corresponding features
(e.g., expression levels) can be used to develop a
decision rule, or plurality of decision rules, that
discriminate between converters and nonconverters.
Section 6 below illustrates how data analysis
algorithms can be used to construct a number of such
decision rules. Each of the data analysis algorithms
described in Section 6 use features (e.g., expression
values) of a subset of the biomarkers identified in
the present invention across a training population
that includes converters and nonconverters. Typically,
a SIRS subject is considered a nonconverter when the
subject does not develop sepsis in a defined time
period (e.g., observation period). This defined time
period can be, for example, twelve hours, twenty four
hours, forty-eight hours, a day, a week, a month, or
longer. Specific data analysis algorithms for building
a decision rule, or plurality of decision rules, that
discriminate between subjects that develop sepsis and
subjects that do not develop sepsis during a defined
period will be described in the subsections below.
Once a decision rule has been built using these
exemplary data analysis algorithms or other techniques
known in the art, the decision rule can be used to
classify a test subject into one of the two or
morephenotypic classes (e.g., a converter or a
nonconverter). This is accomplished by applying the
decision rule to a biomarker profile obtained from the
test subject. Such decision rules, therefore, have
enormous value as diagnostic indicators. [00238] The
present invention provides, in one aspect, for the
evaluation of a biomarker profile from a test subject
to biomarker profiles obtained from a training
population. In some embodiments, each biomarker
profile obtained from subjects in the training
population, as well as the test subject, comprises a
feature for each of a plurality of different
biomarkers. In some embodiments, this comparison is
accomplished by (i) developing a decision rule using
the biomarker profiles from the training population
and (ii) applying the decision rule to the biomarker
profile from the test subject. As such, the decision
rules applied in some embodiments of the present
invention are used to determine whether a test subject
having SIRS will or will not likely acquire sepsis.
[00239] In some embodiments of the present invention,
when the results of the application of a decision rule
indicate that the subject will likely acquire sepsis,
the subject is diagnosed as a "sepsis" subject. If the
results of an application of a decision rule indicate
that the subject will not acquire sepsis, the subject
is diagnosed as a "SIRS" subject. Thus, in some
embodiments, the result in the above-described binary
decision situation has four possible outcomes: [00240]
(i) truly septic, where the decision rule indicates
that the subject will acquire sepsis and the subject
does in fact acquire sepsis during the definite time
period (true positive, TP); [00241] (ii) falsely
septic, where the decision rule indicates that the
subject will acquire sepsis and the subject, in fact,
does not acquire sepsis during the definite time
period (false positive, FP); [00242] (iii) truly SIRS,
where the decision rule indicates that the subject
will not acquire sepsis and the subject, in fact, does
not acquire sepsis during the definite time period
(true negative, TN); or [00243] (iv) falsely SIRS,
where the decision rule indicates that the subject
will not acquire sepsis and the subject, in fact, does
acquire sepsis during the definite time period (false
negative, FN). [00244] It will be appreciated that
other definitions for TP, FP, TN, FN can be made. For
example, TP could have been defined as instances where
the decision rule indicates that the subject will not
acquire sepsis and the subject, in fact, does not
acquire sepsis during the definite time period. While
all such alternative definitions are within the scope
of thepresent invention, for ease of understanding the
present invention, the definitions for TP, FP, TN, and
FN given by definitions (i) through (iv) above will be
used herein, unless otherwise stated. [00245] As will
be appreciated by those of skill in the art, a number
of quantitative criteria can be used to communicate
the performance of the comparisons made between a test
biomarker profile and reference biomarker profiles
(e.g., the application of a decision rule to the
biomarker profile from a test subject). These include
positive predicted value (PPV), negative predicted
value (NPV), specificity, sensitivity, accuracy, and
certainty. In addition, other constructs such a
receiver operator curves (ROC) can be used to evaluate
decision rule performance. As used herein: TP [00246]
PPV = TP +FP TN [00247] NPV = TN+FN TN [00248]
specificity = TN+FP TP [00249] sensitivity = TP + FN
TP +TN [00250] accuracy = certainty = N [00251] Here,
N is the number of samples compared (e.g., the number
of test samples for which a determination of sepsis or
SIRS is sought). For example, consider the case in
which there are ten subjects for which SIRS/sepsis
classification is sought. Biomarker profiles are
constructed for each of the ten test subjects. Then,
each of the biomarker profiles is evaluated by
applying a decision rule, where the decision rule was
developed based upon biomarker profiles obtained from
a training population. In this example, N, from the
above equations, is equal to 10. Typically, N is a
number of samples, where each sample was collected
from a different member of a population. This
population can, in fact, be of two different types. In
one type, the population comprises subjects whose
samples and phenotypic data (e.g., feature values of
biomarkers and an indication of whether or not the
subject acquired sepsis) was used to construct or
refine a decision rule. Such a population is referred
to herein as a training population. In the other type,
the population comprises subjects that were not used
to construct the decision rule. Such a population is
referred to herein as a validation population. Unless
otherwise stated, the populationrepresented by N is
either exclusively a training population or
exclusively a validation population, as opposed to a
mixture of the two population types. It will be
appreciated that scores such as accuracy will be
higher (closer to unity) when they are based on a
training population as opposed to a validation
population. Nevertheless, unless otherwise explicitly
stated herein, all criteria used to assess the
performance of a decision rule (or other forms of
evaluation of a biomarker profile from a test subject)
including certainty (accuracy) refer to criteria that
were measured by applying the decision rule
corresponding to the criteria to 



either a training population or a validation
population. Furthermore, the definitions for PPV, NPV,
specificity, sensitivity, and accuracy defined above
can also be found in Draghici, Data Analysis Toolsfor
DNA Microanalysis, 2003, CRC Press LLC, Boca Raton,
Florida, pp. 342-343, which is hereby incorporated
herein by reference. [00252] In some embodiments the
training population comprises nonconverters and
converters. In some embodiments, biomarker profiles
are constructed from this population using biological
samples collected from the training population at some
time period prior to the onset of sepsis by the
converters of the population. As such, for the
converters of the training population, a biological
sample can be collected two week before, one week
before, four days before, three days before, one day
before, or any other time period before the converters
became septic. In practice, such collections are
obtained by collecting a biological sample at regular
time intervals after admittance into the hospital with
a SIRS diagnosis. For example, in one approach,
subjects who have been diagnosed with SIRS in a
hospital are used as a training population. Once
admitted to the hospital with SIRS, the biological
samples are collected from the subjects at selected
times (e.g., hourly, every eight hours, every twelve
hours, daily, etc.). A portion of the subjects acquire
sepsis and a portion of the subjects do not acquire
sepsis. For the subjects that acquire sepsis, the
biological sample taken from the subjects just prior
to the onset of sepsis are termed the T 1 biological
samples. All other biological samples from the
subjects are retroactively indexed relative to these
biological samples. For instance, when a biological
sample has been taken from a subject on a daily basis,
the biological sample taken the day before the T.12
sample is referred to as the T-36 biological sample.
Time points for biological samples for a nonconverter
in the training population are identified by
"time-matching" the nonconverter subject with a
converter subject. To illustrate, consider the case in
which a subject in the training population became
clinically-defined as septic on his sixth day of
enrollment. For the sake of illustration, for this
subject, T-36 is day four of the study, and the T-36
biological sample is the biological sample that was
obtained on day four of the study. Likewise, T-36for
the matched nonconverter subject is deemed to be day
four of the study on this paired nonconverter subject.
[00253] In some embodiments, N is more than one, more
than five, more than ten, more than twenty, between
ten and 100, more than 100, or less than 1000
subjects. A decision rule (or other forms of
comparison) can have at least about 99% certainty, or
even more, in some embodiments, against a training
population or a validation population. In other
embodiments, the certainty is at least about 97%, at
least about 95%, at least about 90%, at least about
85%, at least about 80%, at least about 75%, at least
about 70%, at least about 65%, or at least about 60%
against a training population or a validation
population (and therefore against a single subject
that is not part of a training population such as a
clinical patient). The useful degree of certainty may
vary, depending on the particular method of the
present invention. As used herein, "certainty" means
"accuracy." In one embodiment, the sensitivity and/or
specificity is at is at least about 97%, at least
about 95%, at least about 90%, at least about 85%, at
least about 80%, at least about 75%, or at least about
70% against a training population or a validation
population. In some embodiments, such decision rules
are used to predict the development of sepsis with the
stated accuracy. In some embodiments, such decision
rules are used to diagnoses sepsis with the stated
accuracy. In some embodiments, such decision rules are
used to determine a stage of sepsis with the stated
accuracy. [00254] The number of features that may be
used by a decision rule to classify a test subject
with adequate certainty is two or more. In some
embodiments, it is three or more, four or more, ten or
more, or between 10 and 200. Depending on the degree
of certainty sought, however, the number of features
used in a decision rule can be more or less, but in
all cases is at least two. In one embodiment, the
number of features that may be used by a decision rule
to classify a test subject is optimized to allow a
classification of a test subject with high certainty.
[00255] In some of the examples in Section 6 below,
microarray data abundance data was collected for a
plurality of biomarkers in each subject. That is, for
each biomarker in a biomarker profile, a feature,
microarray abundance data for the biomarker, was
measured. Decision rules are developed from such
biomarker profiles from a training population using
data analysis algorithms in order to predict sample
phenotypes based on observed gene expression patterns.
While new and microarray specific classification tools
are constantly being developed, the existing body of
pattern recognition and prediction algorithms provide
effective data analysis algorithms for constructing
decision rules. See, for example,National Research
Council; Panel on Discriminant Analysis Classification
and Clustering, Discriminant Analysis and Clustering,
Washington, D.C : National Academy Press, which is
hereby incorporated by reference. Furthermore, the
techniques described in Dudoit et al. , 2002,
"Comparison of discrimination methods for the
classification of tumors using gene expression data."
JASA 97; 77-87, hereby incorporated by reference
herein in its entirety, can be used to develop such
decision rules. [00256] Relevant data analysis
algorithms for developing a decision rule include, but
are not limited to, discriminant analysis including
linear, logistic, and more flexible discrimination
techniques (see, e.g., Gnanadesikan, 1977, Methodsfor
Statistical Data Analysis of Multivariate
Observations, New York: Wiley 1977, which is hereby
incorporated by reference herein in its entirety);
tree-based algorithms such as classification and
regression trees (CART) and variants (see, e.g.,
Breiman, 1984, Classification and Regression Trees,
Belmont, California: Wadsworth International Group,
which is hereby incorporated by reference herein in
its entirety, as well as Section 5.1.3, below);
generalized additive models (see, e.g., Tibshirani ,
1990, Generalized Additive Models, London: Chapman and
Hall, which is hereby incorporated by reference herein
in its entirety); and neural networks (see, e.g.,
Neal, 1996, Bayesian Learningfor Neural Networks, New
York: Springer-Verlag; and Insua, 1998, Feedforward
neural networks for nonparametric regression In:
Practical Nonparametric and Semiparametric Bayesian
Statistics, pp. 181- 194, New York: Springer, which is
hereby incorporated by reference herein in its
entirety, as well as Section 5.5.6, below). [00257] In
one embodiment, comparison of a test subject's
biomarker profile to a biomarker profiles obtained
from a training population is performed, and comprises
applying a decision rule. The decision rule is
constructed using a data analysis algorithm, such as a
computer pattern recognition algorithm. Other suitable
data analysis algorithms for constructing decision
rules include, but are not limited to, logistic
regression (see Section 5.5.10, below) or a
nonparametric algorithm that detects differences in
the distribution of feature values (e.g., a Wilcoxon
Signed Rank Test (unadjusted and adjusted)). The
decision rule can be based upon two, three, four,
five, 10, 20 or more features, corresponding to
measured observables from one, two, three, four, five,
10, 20 or more biomarkers. In one embodiment, the
decision rule is based on hundreds of features or
more. Decision rules may also be built using a
classification tree algorithm. For example, each
biomarker profile from a training population can
comprise at least three features, where the features
are predictors in a classification tree algorithm (see
Section 5.5.1,below). The decision rule predicts
membership within a population (or class) with an
accuracy of at least about at least about 70%, of at
least about 75%, of at least about 80%, of at least
about 85%, of at least about 90%, of at least about
95%, of at least about 97%, of at least about 98%, of
at least about 99%, or about 100%. [00258] Suitable
data analysis algorithms are known in the art, some of
which are reviewed in Hastie et al, supra. In a
specific embodiment, a data analysis algorithm of the
invention comprises Classification and Regression Tree
(CART; Section 5.5.1, below), Multiple Additive
Regression Tree (MART; Section 5.5.4, below),
Prediction Analysis for Microarrays (PAM; Section
5.5.2, below) or Random Forest analysis (Section
5.5.1, below). Such algorithms classify complex
spectra from biological materials, such as a blood
sample, to distinguish subjects as normal or as
possessing biomarker expression levels characteristic
of a particular disease state. In other embodiments, a
data analysis algorithm of the invention comprises
ANOVA and nonparametric equivalents, linear
discriminant analysis (Section 5.5.10, below),
logistic regression analysis (Section 5.5.10, below),
nearest neighbor classifier analysis (Section 5.5.9,
below), neural networks (Section 5.5.6, below),
principal component analysis (Section 5.5.8, below),
quadratic discriminant analysis (Section 5.5.1 1,
below), regression classifiers (Section 5.5.5, below)
and support vector machines (Section 5.5.12, below).
While such algorithms may be used to construct a
decision rule and/or increase the speed and efficiency
of the application of the decision rule and to avoid
investigator bias, one of ordinary skill in the art
will realize that computerbased algorithms are not
required to carry out the methods of the present
invention. [00259] Decision rules can be used to
evaluate biomarker profiles, regardless of the method
that was used to generate the biomarker profile. For
example, suitable decision rules that can be used to
evaluate biomarker profiles generated using gas
chromatography, 



as discussed in Harper, "Pyrolysis and GC in Polymer
Analysis," Dekker, New York (1985). Further, Wagner et
al, 2002, Anal. Chem. 74:1824-1835 disclose a decision
rule that improves the ability to classify subjects
based on spectra obtained by static time-offlight
secondary ion mass spectrometry (TOF-SIMS).
Additionally, Bright et al., 2002, J Microbiol.
Methods 48:127-38, hereby incorporated by reference
herein in its entirety, disclose a method of
distinguishing between bacterial strains with high
certainty (79-89% correct classification rates) by
analysis of MALDI-TOF-MS spectra. Dalluge, 2000,
Fresenius J. Anal. Chem. 366:701-71 1, hereby
incorporated by reference herein in its entirety,
discusses the use of MALDI-TOF-MS and liquid
chromatography-electrosprayionization mass
spectrometry (LC/ESI-MS) to classify profiles of
biomarkers in complex biological samples. 5.5.1
Decision Trees [00260] One type of decision rule that
can be constructed using the feature values of the
biomarkers identified in the present invention is a
decision tree. Here, the "data analysis algorithm" is
any technique that can build the decision tree,
whereas the final "decision tree" is the decision
rule. A decision tree is constructed using a training
population and specific data analysis algorithms.
Decision trees are described generally by Duda, 2001,
Pattern Classification, John Wiley & Sons, Inc., New
York. pp. 395-396, which is hereby incorporated by
reference. Tree-based methods partition the feature
space into a set of rectangles, and then fit a model
(like a constant) in each one. [00261] The training
population data includes the features {e.g.,
expression values, or some other observable) for the
biomarkers of the present invention across a training
set population. One specific algorithm that can be
used to construct a decision tree is a classification
and regression tree (CART). Other specific decision
tree algorithms include, but are not limited to, ID3,
C4.5, MART, and Random Forests. CART, ID3, and C4.5
are described in Duda, 2001, Pattern Classification,
John Wiley & Sons, Inc., New York. pp. 396-408 and pp.
4 11-412, which is hereby incorporated by reference.
CART, MART, and C4.5 are described in Hastie et ah,
2001, The Elements of Statistical Learning, Springer-
Verlag, New York, Chapter 9, which is hereby
incorporated by reference in its entirety. Random
Forests are described in Breiman, 1999, "Random
Forests - Random Features," Technical Report 567,
Statistics Department, U.C.Berkeley, September 1999,
which is hereby incorporated by reference in its
entirety. [00262] In some embodiments of the present
invention, decision trees are used to classify
subjects using features for combinations of biomarkers
of the present invention. Decision tree algorithms
belong to the class of supervised learning algorithms.
The aim of a decision tree is to induce a classifier
(a tree) from real-world example data. This tree can
be used to classify unseen examples that have not been
used to derive the decision tree. As such, a decision
tree is derived from training data. Exemplary training
data contains data for a plurality of subjects (the
training population). For each respective subject
there is a plurality of features the class of the
respective subject {e.g., sepsis / SIRS). In one
embodiment of the present invention, the training data
is expression data for a combination of biomarkers
across the training population.[00263] The following
algorithm describes an exemplary decision tree
derivation: Tree(Examples,Class,Features) Create a
root node If all Examples have the same Class value,
give the root this label Else if Features is empty
label the root according to the most common value Else
begin Calculate the information gain for each Feature
Select the Feature A with highest information gain and
make this the root Feature For each possible value, v,
of this Feature Add a new branch below the root,
corresponding to A = v Let Examples(v) be those
examples with A = v If Examples(v) is empty, make the
new branch a leaf node labeled with the most common
value among Examples Else let the new branch be the
tree created by Tree(Examples(v),Class,Features - {A})
end [00264] A more detailed description of the
calculation of information gain is shown in the
following. If the possible classes Vj of the examples
have probabilities P(vj) then the information content
I of the actual answer is given by: The I- value shows
how much information we need in order to be able to
describe the outcome of a classification for the
specific dataset used. Supposing that the dataset
contains p positive (e.g. will develop sepsis) and n
negative (e.g. will not develop sepsis) examples (e.g.
subjects), the information contained in a correct
answer is: where log2 is the logarithm using base two.
By testing single features the amount of information
needed to make a correct classification can be
reduced. The remainder for a specific feature A (e.g.
representing a specific biomarker) shows how much the
information that is needed can be reduced.Re mamder(A)
= "v" is the number of unique attribute values for
feature A in a certain dataset, "i" is a certain
attribute value, "pi" is the number of examples for
feature A where the classification is positive (e.g.
will develop sepsis), "n " is the number of examples
for feature A where the classification is negative
(e.g. will not develop sepsis). The information gain
of a specific feature A is calculated as the
difference between the information content for the
classes and the remainder of feature A: Gain(L) = J (-
--f ) -Re mander(A) p +n p n The information gain is
used to evaluate how important the different features
are for the classification (how well they split up the
examples), and the feature with the highest
information. [00265] In general there are a number of
different decision tree algorithms, many of which are
described in Duda, Pattern Classification, Second
Edition, 2001, John Wiley & Sons, Inc. Decision tree
algorithms often require consideration of feature
processing, impurity measure, stopping criterion, and
pruning. Specific decision tree algorithms include,
but are not limited to classification and regression
trees (CART), multivariate decision trees, ID3, and
C4.5. [00266] In one approach, when a decision tree is
used, the gene expression data for a select
combination of genes described in the present
invention across a training population is standardized
to have mean zero and unit variance. The members of
the training population are randomly divided into a
training set and a test set. For example, in one
embodiment, two thirds of the members of the training
population are placed in the training set and one
third of the members of the training population are
placed in the test set. The expression values for a
select combination of biomarkers described in the
present invention is used to construct the decision
tree. Then, the ability for the decision tree to
correctly classify members in the test set is
determined. In some embodiments, this computation is
performed several times for a given combination of
biomarkers. In each computational iteration, the
members of the training population are randomly
assigned to the training set and the test set. Then,
the quality of the combination of biomarkers is taken
as the average of each such iteration of the decision
tree computation. [00267] In addition to univariate
decision trees in which each split is based on a
feature value for a corresponding biomarker, among the
set of biomarkers of the presentinvention, or the
relative feature values of two such biomarkers,
multivariate decision trees can be implemented as a
decision rule. In such multivariate decision trees,
some or all of the decisions actually comprise a
linear combination of feature values for a plurality
of biomarkers of the present invention. Such a linear
combination can be trained using known techniques such
as gradient descent on a classification or by the use
of a sum-squared-error criterion. To illustrate such a
decision tree, consider the expression: 0.04 X1+ 0.16
X2 < 500 [00268] Here, X1 and x2 refer to two
different features for two different biomarkers from
among the biomarkers of the present invention. To poll
the decision rule, the values of features X1 and X2
are obtained from the measurements obtained from the
unclassified subject. These values are then inserted
into the equation. If a value of less than 500 is
computed, then a first branch in the decision tree is
taken. Otherwise, a second branch in the decision tree
is taken. Multivariate decision trees are described in
Duda, 2001, Pattern Classification, John Wiley & Sons,
Inc., New York, pp. 408-409, which is hereby
incorporated by reference. [00269] Another approach
that can be used in the present invention is
multivariate adaptive regression splines (MARS). MARS
is an adaptive procedure for regression, and is 



well suited for the high-dimensional problems
addressed by the present invention. MARS can be viewed
as a generalization of stepwise linear regression or a
modification of the CART method to improve the
performance of CART in the regression setting. MARS is
described in Hastie et ah, 2001, The Elements of
Statistical Learning, Springer-Verlag, New York, pp.
283-295, which is hereby incorporated by reference in
its entirety. 5.5.2 Predictive analysis of microarrays
(PAM) [00270] One approach to developing a decision
rule using feature values of biomarkers of the present
invention is the nearest centroid classifier. Such a
technique computes, for each class (sepsis and SIRS),
a centroid given by the average feature levels of the
biomarkers in the class, and then assigns new samples
to the class whose centroid is nearest. This approach
is similar to k-means clustering except clusters are
replaced by known classes. This algorithm can be
sensitive to noise when a large number of biomarkers
are used. One enhancement to the technique uses
shrinkage: for each biomarker, differences between
class centroids are set to zero if they are deemed
likely to be due to chance. This approach is
implemented in the Prediction Analysis of Microarray,
or PAM.See, for example, Tibshirani et ah, 2002,
Proceedings of the National Academy of Science USA 99;
6567-6572, which is hereby incorporated by reference
in its entirety. Shrinkage is controlled by a
threshold below which differences are considered
noise. Biomarkers that show no difference above the
noise level are removed. A threshold can be chosen by
crossvalidation. As the threshold is decreased, more
biomarkers are included and estimated classification
errors decrease, until they reach a bottom and start
climbing again as a result of noise biomarkers - a
phenomenon known as overfitting. 5.5.3 Bagging,
boosting, and the random subspace method [00271]
Bagging, boosting, the random subspace method, and
additive trees are data analysis algorithms known as
combining techniques that can be used to improve weak
decision rules. These techniques are designed for, and
usually applied to, decision trees, such as the
decision trees described in Section 5.5.1, above. In
addition, such techniques can also be useful in
decision rules developed using other types of data
analysis algorithms such as linear discriminant
analysis. [00272] In bagging, one samples the training
set, generating random independent bootstrap
replicates, constructs the decision rule on each of
these, and aggregates them by a simple majority vote
in the final decision rule. See, for example, Breiman,
1996, Machine Learning 24, 123-140; and Efron &
Tibshirani, An Introduction to Boostrap, Chapman &
Hall, New York, 1993, which is hereby incorporated by
reference in its entirety. [00273] In boosting,
decision rules are constructed on weighted versions of
the training set, which are dependent on previous
classification results. Initially, all features under
consideration have equal weights, and the first
decision rule is constructed on this data set. Then,
weights are changed according to the performance of
the decision rule. Erroneously classified features get
larger weights, and the next decision rule is boosted
on the reweighted training set. In this way, a
sequence of training sets and decision rules is
obtained, which is then combined by simple majority
voting or by weighted majority voting in the final
decision rule. See, for example, Freund & Schapire,
"Experiments with a new boosting algorithm,"
Proceedings 13th International Conference on Machine
Learning, 1996, 148-156, which is hereby incorporated
by reference in its entirety. [00274] To illustrate
boosting, consider the case where there are two
phenotypes exhibited by the population under study,
phenotype 1 {e.g., acquiring sepsis during a defined
time periond), and phenotype 2 (e.g., SIRS only,
meaning that the subject does acquire sepsis within a
defined time period). Given a vector of predictor
biomarkers (e.g. , a vector of features that represent
such biomarkers) from the training set data, a
decision ruleG(X) produces a prediction taking one of
the type values in the two value set:{ phenotype 1,
phenotype 2}. The error rate on the training sample is
=   G(x,.)) [00275] where N is the number of subjects
in the training set (the sum total of the subjects
that have either phenotype 1 or phenotype 2). For
example, if there are 49 organisms that acquire sepsis
and 72 organisms that remain in the SIRS state, N is
121 . A weak decision rule is one whose error rate is
only slightly better than random guessing. In the
boosting algorithm, the weak decision rule is
repeatedly applied to modified versions of the data,
thereby producing a sequence of weak decision rules
Gm(x), m, = 1, 2, ..., M. The predictions from all of
the decision rules in this sequence are then combined
through a weighted majority vote to produce the final
decision rule: [00276] Here al a2, ..., <M are
computed by the boosting algorithm and their purpose
is to weigh the contribution of each respective
decision rule Gm(x). Their effect is to give higher
influence to the more accurate decision rules in the
sequence. [00277] The data modifications at each
boosting step consist of applying weights W1, W, ...,
Wn to each of the training observations (XJ, yj), i =
1, 2, ..., N. Initially all the weights are set to Wj
= 1/N, so that the first step simply trains the
decision rule on the data in the usual manner. For
each successive iteration m = 2, 3, ..., M the
observation weights are individually modified and the
decision rule is reapplied to the weighted
observations. At step m, those observations that were
misclassified by the decision rule Gm-l(x) induced at
the previous step have their weights increased,
whereas the weights are decreased for those that were
classified correctly. Thus as iterations proceed,
observations that are difficult to correctly classify
receive ever-increasing influence. Each successive
decision rule is thereby forced to concentrate on
those training observations that are missed by
previous ones in the sequence. [00278] The exemplary
boosting algorithm is summarized as follows: [00279]
1. Initialize the observation weights w = 1/N, i = 1,
2, ..., N. [00280] 2. For m = l to M: [00281] (a) Fit
a decision rule Gm(x) to the training set using
weights Wj. [00282] (b) Compute[00283] (c) Compute
am=log((l-err )/err ) . [00284] (d) Setw, < wt .exp[
ffl -J ( ,  Gm(x,))],/ = 1,2,..., . [00285] 3. Output
GQc) [00286] In one embodiment in accordance with this
algorithm, each object is, in fact, a factor.
Furthermore, in the algorithm, the current decision
rule Gm(x) is induced on the weighted observations at
line 2a. The resulting weighted error rate is computed
at line 2b. Line 2c calculates the weight am given to
Gm(x) in producing the final classifier G(x) (line 3).
The individual weights of each of the observations are
updated for the next iteration at line 2d.
Observations misclassified by Gm(x) have their weights
scaled by a factor exp(am), increasing their relative
influence for inducing the next classifier Gm+l(x) in
the sequence. In some embodiments, modifications of
the Freund and Schapire, 1997, Journal of Computer and
System Sciences 55, pp. 119-139, boosting methods are
used. See, for example, Hasti et ah, The Elements of
Statistical Learning, 2001, Springer, New York,
Chapter 10, which is hereby incorporated by reference
in its entirety. For example, in some embodiments,
feature preselection is performed using a technique
such as the nonparametric scoring methods of Park et
ah, 2002, Pac. Symp. Biocomput. 6, 52-63, which is
hereby incorporated by reference in its entirety.
Feature preselection is a form of dimensionality
reduction in which the genes that discriminate between
classifications the best are selected for use in the
classifier. Then, the LogitBoost procedure introduced
by Friedman et ah, 2000, Ann Stat 28, 337-407 is used
rather than the boosting procedure of Freund and
Schapire. In some embodiments, the boosting and other
classification methods of Ben-Dor et ah, 2000, Journal
of Computational Biology 7, 559-583, hereby
incorporated by reference in its entirety, are used in
the present invention. In some embodiments, the
boosting and other classification methods of Freund
and Schapire, 1997, Journal of Computer and System
Sciences 55, 119-139, hereby incorporated by reference
in its entirety, are used. [00287] In the random
subspace method, decision rules are constructed in
random subspaces of the data feature space. These
decision rules are usually combined by simple majority
voting in the final decision rule. See, for example,
Ho, "The Random subspace method for constructing
decision forests," IEEE Trans Pattern Analysis and
Machine Intelligence, 1998; 20(8): 832-844, which is
hereby incorporated by reference in its entirety.5.5.4
Multiple additive regression trees [00288] Multiple
additive regression trees (MART) represents another
way to construct a decision rule that can be used in
the present invention. A generic algorithm for MART
is: 1. Initialize fq(x) arg ming L (-y -' 7 2. For m =
1 to M: (a) For I 1,2, . ..,N compute (b) Fit a
regression tree to the targets rim giving terminal
regions Rjm, j = 1,2, ..., Jm. (c) For j = 1, 2, . .
., Jm compute 



7Jm =arg min L(y, ,f 1(x, )+y). 7 x,eR J (d) Update
fm(x) = fm-l(x) +  =i /(x e R 3. Ouput f(x ) = f M(*)-
[00289] Specific algorithms are obtained by inserting
different loss criteria L(y,f(x)). The first line of
the algorithm initializes to the optimal constant
model, which is just a single terminal node tree. The
components of the negative gradient computed in line
2(a) are referred to as generalized pseudo residuals,
r. Gradients for commonly used loss functions are
summarized in Table 10.2, of Hastie et ah, 2001, The
Elements of Statistical Learning, Springer-Verlag, New
York, p. 321, which is hereby incorporated by
reference. The algorithm for classification is similar
and is described in Hastie et al, Chapter 10, which is
hereby incorporated by reference in its entirety.
Tuning parameters associated with the MART procedure
are the number of iterations M and the sizes of each
of the constituent trees J1n , m= 1, 2, .. ., M. 5.5.5
Decision rules derived by regression [00290] In some
embodiments, a decision rule used to classify subjects
is built using regression. In such embodiments, the
decision rule can be characterized as a regression
classifier, preferably a logistic regression
classifier. Such a regression classifier includes a
coefficient for each of the biomarkers (e.g., a
feature for each such biomarker) used to construct the
classifier. In such embodiments, the coefficients for
the regression classifier are computed using, for
example, a maximum likelihood approach. In such a
computation, the features for the biomarkers (e.g.,
RT-PCR, microarray data) is used. In
particularembodiments, molecular marker data from only
two trait subgroups is used (e.g., trait subgroup a :
will acquire sepsis in a defined time period and trait
subgroup b : will not acquire sepsis in a defined time
period) and the dependent variable is absence or
presence of a particular trait in the subjects for
which biomarker data is available. [00291] In another
specific embodiment, the training population comprises
a plurality of trait subgroups (e.g., three or more
trait subgroups, four or more specific trait
subgroups, etc.). These multiple trait subgroups can
correspond to discrete stages in the phenotypic
progression from healthy, to SIRS, to sepsis, to more
advanced stages of sepsis in a training population. In
this specific embodiment, a generalization of the
logistic regression model that handles multicategory
responses can be used to develop a decision that
discriminates between the various trait subgroups
found in the training population. For example,
measured data for selected molecular markers can be
applied to any of the multi-category logit models
described in Agresti, An Introduction to Categorical
Data Analysis, 1996, John Wiley & Sons, Inc., New
York, Chapter 8, hereby incorporated by reference in
its entirety, in order to develop a classifier capable
of discriminating between any of a plurality of trait
subgroups represented in a training population. 5.5.6
Neural networks [00292] In some embodiments, the
feature data measured for select biomarkers of the
present invention (e.g., RT-PCR data, mass
spectrometry data, microarray data) can be used to
train a neural network. A neural network is a
two-stage regression or classification decision rule.
A neural network has a layered structure that includes
a layer of input units (and the bias) connected by a
layer of weights to a layer of output units. For
regression, the layer of output units typically
includes just one output unit. However, neural
networks can handle multiple quantitative responses in
a seamless fashion. [00293] In multilayer neural
networks, there are input units (input layer), hidden
units (hidden layer), and output units (output layer).
There is, furthermore, a single bias unit that is
connected to each unit other than the input units.
Neural networks are described in Duda et ah, 2001,
Pattern Classification, Second Edition, John Wiley &
Sons, Inc., New York; and Hastie et at, 2001, The
Elements of Statistical Learning, Springer-Verlag, New
York, each of which is hereby incorporated by
reference in its entirety. Neural networks are also
described in Draghici, 2003, Data Analysis Toolsfor
DNA Microarrays, Chapman & Hall/CRC; and Mount, 2001,
Bioinformatics: sequence and genome analysis, Cold
Spring Harbor Laboratory Press, Cold Spring Harbor,
New York, each of which is herebyincorporated by
reference in its entirety. What is disclosed below is
some exemplary forms of neural networks. [00294] The
basic approach to the use of neural networks is to
start with an untrained network, present a training
pattern to the input layer, and to pass signals
through the net and determine the output at the output
layer. These outputs are then compared to the target
values; any difference corresponds to an error. This
error or criterion function is some scalar function of
the weights and is minimized when the network outputs
match the desired outputs. Thus, the weights are
adjusted to reduce this measure of error. For
regression, this error can be sum-of-squared errors.
For classification, this error can be either squared
error or cross-entropy (deviation). See, e.g., Hastie
et al, 2001, The Elements of Statistical Learning,
Springer-Verlag, New York, which is hereby
incorporated by reference in its entirety. [00295]
Three commonly used training protocols are stochastic,
batch, and on-line. In stochastic training, patterns
are chosen randomly from the training set and the
network weights are updated for each pattern
presentation. Multilayer nonlinear networks trained by
gradient descent methods such as stochastic
back-propagation perform a maximumlikelihood
estimation of the weight values in the classifier
defined by the network topology. In batch training,
all patterns are presented to the network before
learning takes place. Typically, in batch training,
several passes are made through the training data. In
online training, each pattern is presented once and
only once to the net. [00296] In some embodiments,
consideration is given to starting values for weights.
If the weights are near zero, then the operative part
of the sigmoid commonly used in the hidden layer of a
neural network (see, e.g., Hastie et al, 2001, The
Elements of Statistical Learning, Springer-Verlag, New
York, hereby incorporated by reference) is roughly
linear, and hence the neural network collapses into an
approximately linear classifier. In some embodiments,
starting values for weights are chosen to be random
values near zero. Hence the classifier starts out
nearly linear, and becomes nonlinear as the weights
increase. Individual units localize to directions and
introduce nonlinearities where needed. Use of exact
zero weights leads to zero derivatives and perfect
symmetry, and the algorithm never moves.
Alternatively, starting with large weights often leads
to poor solutions. [00297] Since the scaling of inputs
determines the effective scaling of weights in the
bottom layer, it can have a large effect on the
quality of the final solution. Thus, in some
embodiments, at the outset all expression values are
standardized to have mean zero and a standard
deviation of one. This ensures all inputs are treated
equally in the regularizationprocess, and allows one
to choose a meaningful range for the random starting
weights. With standardization inputs, it is typical to
take random uniform weights over the range [- 0.7,
+0.7]. [00298] A recurrent problem in the use of
three-layer networks is the optimal number of hidden
units to use in the network. The number of inputs and
outputs of a three-layer network are determined by the
problem to be solved. In the present invention, the
number of inputs for a given neural network will equal
the number of biomarkers selected from the training
population. The number of output for the neural
network will typically be just one. However, in some
embodiments more than one output is used so that more
than just two states can be defined by the network.
For example, a multi-output neural network can be used
to discriminate between, healthy phenotypes, various
stages of SIRS, and/or various stages of sepsis. If
too many hidden units are used in a neural network,
the network will have too many degrees of freedom and
is trained too long, there is a danger that the
network will overfit the data. If there are too few
hidden units, the training set cannot be learned.
Generally speaking, however, it is better to have too
many hidden units than too few. With too few hidden
units, the classifier might not have enough
flexibility to capture the nonlinearities in the date;
with too many hidden units, the extra weight can be
shrunk towards zero if appropriate regularization or
pruning, as described below, is used. In typical
embodiments, the number of hidden units is somewhere
in the range of 5 to 100, with the number increasing
with the number of inputs and number of training
cases. [00299] One general approach to determining the
number of hidden units to use is to apply a
regularization approach. In the regularization
approach, a new criterion function is constructed that
depends not only on the classical training error, but
also on classifier complexity. Specifically, the new
criterion function penalizes highly complex
classifiers; searching for the minimum in this
criterion is to balance error on the training set with
error on the training set plus a regularization term,
which expresses constraints or desirable properties of
solutions: ~ pat " Jfgg. The parameter l is adjusted
to impose the regularization more or less strongly. In
other words, larger values for l will tend to shrink
weights towards zero: typically crossvalidation 



with a validation set is used to estimate l. This
validation set can be obtained by setting aside a
random subset of the training population. Other forms
of penalty have been proposed, for example the weight
elimination penalty (see, e.g., Hastie et ah, 2001,
TheElements of Statistical Learning, Springer-Verlag,
New York, hereby incorporated by reference). [00300]
Another approach to determine the number of hidden
units to use is to eliminate - prune - weights that
are least needed. In one approach, the weights with
the smallest magnitude are eliminated (set to zero).
Such magnitude-based pruning can work, but is
nonoptimal; sometimes weights with small magnitudes
are important for learning and training data. In some
embodiments, rather than using a magnitude-based
pruning approach, WaId statistics are computed. The
fundamental idea in WaId Statistics is that they can
be used to estimate the importance of a hidden unit
(weight) in a classifier. Then, hidden units having
the least importance are eliminated (by setting their
input and output weights to zero). Two algorithms in
this regard are the Optimal Brain Damage (OBD) and the
Optimal Brain Surgeon (OBS) algorithms that use
second-order approximation to predict how the training
error depends upon a weight, and eliminate the weight
that leads to the smallest increase in training error.
[00301] Optimal Brain Damage and Optimal Brain Surgeon
share the same basic approach of training a network to
local minimum error at weight w, and then pruning a
weight that leads to the smallest increase in the
training error. The predicted functional increase in
the error for a change in full weight vector dw is:
32J where - - is the Hessian matrix. The first term
vanishes at a local minimum in error; third dw2 and
higher order terms are ignored. The general solution
for minimizing this function given the constraint of
deleting one weight is: Here, uq is the unit vector
along the qth direction in weight space and Lq is
approximation to the saliency of the weight q - the
increase in training error if weight q is pruned and
the other weights updated dw. These equations require
the inverse of H. One method to calculate this inverse
matrix is to start with a small value, H0 = a I, where
ais a small parameter - effectively a weight constant.
Next the matrix is updated with each pattern according
toH- l 7 t t - 1 m A "+l L "+l " H 1= Eqn. 1 n + /n+l
m X m+1 where the subscripts correspond to the pattern
being presented and am decreases with m. After the
full training set has been presented, the inverse
Hessian matrix is given by H 1 = H ~l . In algorithmic
form, the Optimal Brain Surgeon method is: begin
initialize YIH, W, q train a reasonably large network
to minimum error do compute H 1 by Eqn. 1 q* <- arg mm
(saliency Lq) w . w - w- - - H ~xe (saliency Lq) "V
until J(w) > q return w end [00302] The Optimal Brain
Damage method is computationally simpler because the
calculation of the inverse Hessian matrix in line 3 is
particularly simple for a diagonal matrix. The above
algorithm terminates when the error is greater than a
criterion initialized to be q. Another approach is to
change line 6 to terminate when the change in J(w) due
to elimination of a weight is greater than some
criterion value. In some embodiments, the
back-propagation neural network See, for example Abdi,
1994, "A neural network primer," J. Biol System. 2,
247-283, hereby incorporated by reference in its
entirety. 5.5.7 Clustering [00303] In some
embodiments, features for select biomarkers of the
present invention are used to cluster a training set.
For example, consider the case in which ten features
(corresponding to ten biomarkers) described in the
present invention is used. Each member m of the
training population will have feature values (e.g.
expression values) for each of the ten biomarkers.
Such values from a member m in the training population
define the vector: where Xjn, is the expression level
of the ith biomarker in organism m. If there are m
organisms in the training set, selection of i
biomarkers will define m vectors. Note that themethods
of the present invention do not require that each the
expression value of every single biomarker used in the
vectors be represented in every single vector m. In
other words, data from a subject in which one of the i
biomarkers is not found can still be used for
clustering. In such instances, the missing expression
value is assigned either a "zero" or some other
normalized value. In some embodiments, prior to
clustering, the feature values are normalized to have
a mean value of zero and unit variance. Those members
of the training population that exhibit similar
expression patterns across the training group will
tend to cluster together. A particular combination of
genes of the present invention is considered to be a
good classifier in this aspect of the invention when
the vectors cluster into the trait groups found in the
training population. For instance, if the training
population includes class a: subjects that do not
develop sepsis, and class b: subjects that develop
sepsis, an ideal clustering classifier will cluster
the population into two groups, with one cluster group
uniquely representing class a and the other cluster
group uniquely representing class b. [00304]
Clustering is described on pages 211 -256 of Duda and
Hart, Pattern Classification and Scene Analysis, 1973,
John Wiley & Sons, Inc., New York, (hereinafter "Duda
1973") which is hereby incorporated by reference in
its entirety. As described in Section 6.7 of Duda
1973, the clustering problem is described as one of
finding natural groupings in a dataset. To identify
natural groupings, two issues are addressed. First, a
way to measure similarity (or dissimilarity) between
two samples is determined. This metric (similarity
measure) is used to ensure that the samples in one
cluster are more like one another than they are to
samples in other clusters. Second, a mechanism for
partitioning the data into clusters using the
similarity measure is determined. [00305] Similarity
measures are discussed in Section 6.7 of Duda 1973,
where it is stated that one way to begin a clustering
investigation is to define a distance function and to
compute the matrix of distances between all pairs of
samples in a dataset. If distance is a good measure of
similarity, then the distance between samples in the
same cluster will be significantly less than the
distance between samples in different clusters.
However, as stated on page 215 of Duda 1973,
clustering does not require the use of a distance
metric. For example, a nonmetric similarity function
s(x, x') can be used to compare two vectors x and x'.
Conventionally, s(x, x') is a symmetric function whose
value is large when x and x' are somehow "similar". An
example of a nonmetric similarity function s(x, x') is
provided on page 216 of Duda 1973.[00306] Once a
method for measuring "similarity" or "dissimilarity"
between points in a dataset has been selected,
clustering requires a criterion function that measures
the clustering quality of any partition of the data.
Partitions of the data set that extremize the
criterion function are used to cluster the data. See
page 217 of Duda 1973. Criterion functions are
discussed in Section 6.8 of Duda 1973. [00307] More
recently, Duda et ah, Pattern Classification, 2nd
edition, John Wiley & Sons, Inc. New York, has been
published. Pages 537-563 describe clustering in
detail. More information on clustering techniques can
be found in Kaufman and Rousseeuw, 1990, Finding
Groups in Data: An Introduction to Cluster Analysis,
Wiley, New York, NY; Everitt, 1993, Cluster analysis
(3d ed.), Wiley, New York, NY; and Backer, 1995,
Computer-Assisted Reasoning in Cluster Analysis,
Prentice Hall, Upper Saddle River, New Jersey.
Particular exemplary clustering techniques that can be
used in the present invention include, but are not
limited to, hierarchical clustering (agglomerative
clustering using nearest-neighbor algorithm,
farthest-neighbor algorithm, the average linkage
algorithm, the centroid algorithm, or the
sum-of-squares algorithm), k-means clustering, fuzzy
k-means clustering algorithm, and Jarvis-Patrick
clustering. 5.5.8 Principle component analysis [00308]
Principal component analysis (PCA) has been proposed
to analyze gene expression data. More generally, PCA
can be used to analyze feature value data of
biomarkers of the present invention in order to
construct a decision rule that discriminates
converters from nonconverters. Principal component
analysis is a classical technique to reduce the
dimensionality of a data set by transforming the data
to a new set of variable (principal components) that
summarize the features of the data. See, for example,
Jolliffe, 



1986, Principal Component Analysis, Springer, New
York, which is hereby incorporated by reference.
Principal component analysis is also described in
Draghici, 2003, Data Analysis Toolsfor DNA
Microarrays, Chapman & Hall/CRC, which is hereby
incorporated by reference. What follows is
non-limiting examples of principal components
analysis. [00309] Principal components (PCs) are
uncorrelated and are ordered such that the kth PC has
the Mi largest variance among PCs. The th PC can be
interpreted as the direction that maximizes the
variation of the projections of the data points such
that it is orthogonal to the first k - \ PCs. The
first few PCs capture most of the variation in the
data set. In contrast, the last few PCs are often
assumed to capture only the residual 'noise' in the
data. [00310] PCA can also be used to create a
classifier in accordance with the present invention.
In such an approach, vectors for the select biomarkers
of the present inventioncan be constructed in the same
manner described for clustering above. In fact, the
set of vectors, where each vector represents the
feature values (e.g., abundance values) for the select
genes from a particular member of the training
population, can be viewed as a matrix. In some
embodiments, this matrix is represented in a
Free-Wilson method of qualitative binary description
of monomers (Kubinyi, 1990, 3D QSAR in drug design
theory methods and applications, Pergamon Press,
Oxford, pp 589-638), and distributed in a maximally
compressed space using PCA so that the first principal
component (PC) captures the largest amount of variance
information possible, the second principal component
(PC) captures the second largest amount of all
variance information, and so forth until all variance
information in the matrix has been considered. [00311]
Then, each of the vectors (where each vector
represents a member of the training population) is
plotted. Many different types of plots are possible.
In some embodiments, a one-dimensional plot is made.
In this one-dimensional plot, the value for the first
principal component from each of the members of the
training population is plotted. In this form of plot,
the expectation is that members of a first subgroup
(e.g. those subjects that do not develop sepsis in a
determined time period) will cluster in one range of
first principal component values and members of a
second subgroup (e.g., those subjects that develop
sepsis in a determined time period) will cluster in a
second range of first principal component values.
[00312] In one ideal example, the training population
comprises two subgroups: "sepsis" and "SIRS." The
first principal component is computed using the
molecular marker expression values for the select
biomarkers of the present invention across the entire
training population data set. Then, each member of the
training set is plotted as a function of the value for
the first principal component. In this ideal example,
those members of the training population in which the
first principal component is positive are the
"responders" and those members of the training
population in which the first principal component is
negative are "subjects with sepsis." [00313] In some
embodiments, the members of the training population
are plotted against more than one principal component.
For example, in some embodiments, the members of the
training population are plotted on a two-dimensional
plot in which the first dimension is the first
principal component and the second dimension is the
second principal component. In such a two-dimensional
plot, the expectation is that members of each subgroup
represented in the training population will cluster
into discrete groups. For example, a first cluster of
members in the two-dimensional plot will represent
subjects thatdevelop sepsis in a given time period and
a second cluster of members in the twodimensional plot
will represent subjects that do not develop sepsis in
a given time period. 5.5.9 Nearest neighbor analysis
[00314] Nearest neighbor classifiers are memory-based
and require no classifier to be fit. Given a query
point xo, the k training points X(r), r, ..., k
closest in distance to X0 are identified and then the
point 0 is classified using the k nearest neighbors.
Ties can be broken at random. In some embodiments,
Euclidean distance in feature space is used to
determine distance as: Typically, when the nearest
neighbor algorithm is used, the expression data used
to compute the linear discriminant is standardized to
have mean zero and variance 1. In the present
invention, the members of the training population are
randomly divided into a training set and a test set.
For example, in one embodiment, two thirds of the
members of the training population are placed in the
training set and one third of the members of the
training population are placed in the test set. A
select combination of biomarkers of the present
invention represents the feature space into which
members of the test set are plotted. Next, the ability
of the training set to correctly characterize the
members of the test set is computed. In some
embodiments, nearest neighbor computation is performed
several times for a given combination of biomarkers of
the present invention, hi each iteration of the
computation, the members of the training population
are randomly assigned to the training set and the test
set. Then, the quality of the combination of
biomarkers is taken as the average of each such
iteration of the nearest neighbor computation. [00315]
The nearest neighbor rule can be refined to deal with
issues of unequal class priors, differential
misclassification costs, and feature selection. Many
of these refinements involve some form of weighted
voting for the neighbors. For more information on
nearest neighbor analysis, see Duda, Pattern
Classification, Second Edition, 2001, John Wiley &
Sons, Inc; and Hastie, 2001, The Elements of
Statistical Learning, Springer, New York, each of
which is hereby incorporated by reference in its
entirety. 5.5.10 Linear discriminant analysis [00316]
Linear discriminant analysis (LDA) attempts to
classify a subject into one of two categories based on
certain object properties. In other words, LDA tests
whether object attributes measured in an experiment
predict categorization of the objects. LDA typically
requires continuous independent variables and a
dichotomous categorical dependentvariable. In the
present invention, the feature values for the select
combinations of biomarkers of the present invention
across a subset of the training population serve as
the requisite continuous independent variables. The
trait subgroup classification of each of the members
of the training population serves as the dichotomous
categorical dependent variable. [00317] LDA seeks the
linear combination of variables that maximizes the
ratio of between-group variance and within-group
variance by using the grouping information.
Implicitly, the linear weights used by LDA depend on
how the feature values of a molecular marker across
the training set separates in the two groups (e.g., a
group a that develops sepsis during a defined time
period and a group b that does not develop sepsis
during a defined time period) and how these feature
values correlate with the feature values of other
biomarkers. In some embodiments, LDA is applied to the
data matrix of the N members in the training sample by
K biomarkers in a combination of biomarkers described
in the present invention. Then, the linear
discriminant of each member of the training population
is plotted. Ideally, those members of the training
population representing a first subgroup (e.g. those
subjects that develop sepsis in a defined time period)
will cluster into one range of linear discriminant
values (e.g., negative) and those member of the
training population representing a second subgroup
(e.g. those subjects that will not develop sepsis in a
defined time period) will cluster into a second range
of linear discriminant values (e.g., positive). The
LDA is considered more successful when the separation
between the clusters of discriminant values is larger.
For more information on linear discriminant analysis,
see Duda, Pattern Classification, Second Edition,
2001, John Wiley & Sons, Inc; and Hastie, 2001, The
Elements of Statistical Learning, Springer, New York;
and Venables & Ripley, 1997, Modern Applied Statistics
with s-plus, Springer, New York, each of which is
hereby incorporated by reference in its entirety.
5.5.11 Quadratic discriminant analysis [00318]
Quadratic discriminant analysis (QDA) takes the same
input parameters and returns the same results as LDA.
QDA uses quadratic equations, rather than linear
equations, to produce results. LDA and QDA are
interchangeable, and which to use is a matter of
preference and/or availability of software to support
the analysis. Logistic regression takes the same input
parameters and returns the same results as LDA and
QDA.5.5.12 Support vector machines [00319] In some
embodiments of the present invention, support vector
machines (SVMs) are used to classify subjects using
feature values of the genes described in the present
invention. SVMs are a relatively new type of learning
algorithm. See, for example, Cristianini and
Shawe-Taylor, 2000, An Introduction to Support Vector
Machines, Cambridge University Press, Cambridge; Boser
et ah, 1992, "A training algorithm for optimal margin
classifiers," in Proceedings of the 5th Annual ACM
Workshop on Computational Learning Theory, ACM Press,
Pittsburgh, PA, pp. 142-152; Vapnik, 1998, Statistical
Learning Theory, Wiley, New York; Mount, 2001,
Bioinformatics: sequence and genome analysis, Cold
Spring Harbor Laboratory Press, Cold Spring Harbor,
New York, Duda, Pattern Classification, Second
Edition, 2001, John Wiley & Sons, Inc.; and Hastie,
2001, The Elements of Statistical Learning, Springer,
New York; and Furey et al, 2000, 



Bioinformatics 16, 906-914, each of which is hereby
incorporated by reference in its entirety. When used
for classification, SVMs separate a given set of
binary labeled data training data with a hyper-plane
that is maximally distance from them. For cases in
which no linear separation is possible, SVMs can work
in combination with the technique of 'kernels', which
automatically realizes a non-linear mapping to a
feature space. The hyperplane found by the SVM in
feature space corresponds to a non-linear decision
boundary in the input space. [00320] In one approach,
when a SVM is used, the feature data is standardized
to have mean zero and unit variance and the members of
a training population are randomly divided into a
training set and a test set. For example, in one
embodiment, two thirds of the members of the training
population are placed in the training set and one
third of the members of the training population are
placed in the test set. The expression values for a
combination of genes described in the present
invention is used to train the SVM. Then the ability
for the trained SVM to correctly classify members in
the test set is determined. In some embodiments, this
computation is performed several times for a given
combination of molecular markers. In each iteration of
the computation, the members of the training
population are randomly assigned to the training set
and the test set. Then, the quality of the combination
of biomarkers is taken as the average of each such
iteration of the SVM computation. 5.5.13 Evolutionary
methods [00321] Inspired by the process of biological
evolution, evolutionary methods of decision rule
design employ a stochastic search for an decision
rule. In broad overview,such methods create several
decision rules - a population - from a combination of
biomarkers described in the present invention. Each
decision rule varies somewhat from the other. Next,
the decision rules are scored on feature data across
the training population. In keeping with the analogy
with biological evolution, the resulting (scalar)
score is sometimes called the fitness. The decision
rules are ranked according to their score and the best
decision rules are retained (some portion of the total
population of decision rules). Again, in keeping with
biological terminology, this is called survival of the
fittest. The decision rules are stochastically altered
in the next generation - the children or offspring.
Some offspring decision rules will have higher scores
than their parent in the previous generation, some
will have lower scores. The overall process is then
repeated for the subsequent generation: the decision
rules are scored and the best ones are retained,
randomly altered to give yet another generation, and
so on. In part, because of the ranking, each
generation has, on average, a slightly higher score
than the previous one. The process is halted when the
single best decision rule in a generation has a score
that exceeds a desired criterion value. More
information on evolutionary methods is found in, for
example, Duda, Pattern Classification, Second Edition,
2001, John Wiley & Sons, Inc. 5.5.14 Other data
analysis algorithms [00322] The data analysis
algorithms described above are merely examples of the
types of methods that can be used to construct a
decision rule for discriminating converters from
nonconverters. Moreover, combinations of the
techniques described above can be used. Some
combinations, such as the use of the combination of
decision trees and boosting, have been described.
However, many other combinations are possible. In
addition, in other techniques in the art such as
Projection Pursuit and Weighted Voting can be used to
construct decision rules. 5.6 BIOMARKERS [00323] In
specific embodiments, the present invention provides
biomarkers that are useful in diagnosing or predicting
sepsis and/or its stages of progression in a subject.
While the methods of the present invention may use an
unbiased approach to identifying predictive
biomarkers, it will be clear to the artisan that
specific groups of biomarkers associated with
physiological responses or with various signaling
pathways may be the subject of particular attention.
This is particularly the case where biomarkers from a
biological sample are contacted with an array that can
be used to measure the amount of various biomarkers
through direct and specific interaction with the
biomarkers (e.g., an antibody array or anucleic acid
array). In this case, the choice of the components of
the array may be based on a suggestion that a
particular pathway is relevant to the determination of
the status of sepsis or SIRS in a subject. The
indication that a particular biomarker has a feature
that is predictive or diagnostic of sepsis or SIRS may
give rise to an expectation that other biomarkers that
are physiologically regulated in a concerted fashion
likewise may provide a predictive or diagnostic
feature. The artisan will appreciate, however, that
such an expectation may not be realized because of the
complexity of biological systems. For example, if the
amount of a specific mRNA biomarker were a predictive
feature, a concerted change in mRNA expression of
another biomarker might not be measurable, if the
expression of the other biomarker was regulated at a
post-translational level. Further, the mRNA expression
level of a biomarker may be affected by multiple
converging pathways that may or may not be involved in
a physiological response to sepsis. [00324] Biomarkers
can be obtained from any biological sample, which can
be, by way of example and not of limitation, whole
blood, plasma, saliva, serum, red blood cells,
platelets, neutrophils, eosinophils, basophils,
lymphocytes, monocytes, urine, cerebral spinal fluid,
sputum, stool, cells and cellular extracts, or other
biological fluid sample, tissue sample or tissue
biopsy from a host or subject. The precise biological
sample that is taken from the subject may vary, but
the sampling preferably is minimally invasive and is
easily performed by conventional techniques. [00325]
Measurement of a phenotypic change may be carried out
by any conventional technique. Measurement of body
temperature, respiration rate, pulse, blood pressure,
or other physiological parameters can be achieved via
clinical observation and measurement. Measurements of
biomarker molecules may include, for example,
measurements that indicate the presence,
concentration, expression level, or any other value
associated with a biomarker molecule. The form of
detection of biomarker molecules typically depends on
the method used to form a profile of these biomarkers
from a biological sample. See Section 5.4, above, and
Tables 30, 1, J, K, L, and M below. [00326] In a
particular embodiment, the biomarker profile comprises
at least two different biomarkers listed in column
four or five of Table 30. The biomarker profile
further comprises a respective corresponding feature
for the at least two biomarkers. Such biomarkers can
be, for example, mRNA transcripts, cDNA or some other
nucleic acid, for example amplified nucleic acid, or
proteins. Generally, the at least two biomarkers are
derived from at least two different genes. In the case
where a biomarker in the at least two different
biomarkers is listed in column four of Table 30, the
biomarker can be, forexample, a transcript made by the
listed gene, a complement thereof, or a discriminating
fragment or complement thereof, or a cDNA thereof, or
a discriminating fragment of the cDNA, or a
discriminating amplified nucleic acid molecule
corresponding to all or a portion of the transcript or
its complement, or a protein encoded by the gene, or a
discriminating fragment of the protein, or an
indication of any of the above. Further still, the
biomarker can be, for example, a protein listed in
column five of Table 30, or a discriminating fragment
of the protein, or an indication of any of the above.
Here, a discriminating molecule or fragment is a
molecule or fragment that, when detected, indicates
presence or abundance of the above-identified
transcript, cDNA, amplified nucleic acid, or protein.
In accordance with this embodiment, the biomarker
profiles of the present invention can be obtained
using any standard assay known to those skilled in the
art, or in an assay described herein, to detect a
biomarker. Such assays are capable, for example, of
detecting the products of expression (e.g., nucleic
acids and/or proteins) of a particular gene or allele
of a gene of interest (e.g., a gene disclosed in Table
30). In one embodiment, such an assay utilizes a
nucleic acid microarray. [00327] In a particular
embodiment, the biomarker profile comprises at least
two different biomarkers that each contain one of the
probesets listed in column 2 of Table 30, biomarkers
that contain the complement of one of the probesets of
Table 30, or biomarkers that contain an amino acid
sequence encoded by a gene that either contains one of
the probesets of Table 30 or the complement of one of
the probesets of Table 30. Such biomarkers can be, for
example, mRNA transcripts, cDNA or some other nucleic
acid, for example amplified nucleic acid, or proteins.
The biomarker profile further comprises a respective
corresponding feature for the at least two biomarkers.
Generally, the at least two biomarkers are derived
from at least two different genes. In the case where a
biomarker is based upon a gene that includes the
sequence of a probeset listed in Table 30, the
biomarker can be, for example, a transcript made by
the gene, a complement thereof, or a discriminating
fragment or complement thereof, or a cDNA thereof, or
a discriminating fragment of the cDNA, or a
discriminating amplified nucleic acid molecule
corresponding to all or a portion of the transcript or
its complement, or a protein encoded by the gene, or a
discriminating fragment of the protein, or an
indication of any of the above. Further still, 



the biomarker can be, for example, a protein encoded
by a gene that includes a probeset sequence described
in Table 30, or a discriminating fragment of the
protein, or an indication of any of the above. Here, a
discriminating molecule or fragment is a molecule or
fragmentthat, when detected, indicates presence or
abundance of the above-identified transcript, cDNA,
amplified nucleic acid, or protein. [00328] In some
embodiments the biomarker profile has between 2 and
626 biomarkers listed in Table 30. In some
embodiments, the biomarker profile has between 3 and
50 biomarkers listed in Table 30. In some embodiments,
the biomarker profile has between 4 and 25 biomarkers
listed in Table 30. In some embodiments, the biomarker
profile has at least 3 biomarkers listed in Table 30.
In some embodiments, the biomarker profile has at
least 4 biomarkers listed in Table 30. In some
embodiments, the biomarker profile has at least 2, 3,
4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18,
19, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75,
80, 85, 90, 95, 96, or 100 biomarkers listed in Table
30. In some embodiments, each such biomarker is a
nucleic acid. In some embodiments, each such biomarker
is a protein. [00329] In some embodiments, some of the
biomarkers in the biomarker profile are nucleic acids
and some of the biomarkers in the biomarker profile
are proteins. In some embodiments the biomarker
profile has between 2 and 130 biomarkers listed in
Table 31. In some embodiments, the biomarker profile
has between 3 and 50 biomarkers listed in Table 31. In
some embodiments, the biomarker profile has between 4
and 25 biomarkers listed in Table 31. In some
embodiments, the biomarker profile has at least 3
biomarkers listed in Table 31. In some embodiments,
the biomarker profile has at least 4 biomarkers listed
in Table 30. In some embodiments, the biomarker
profile has at least 6, 10, 15, 20, 25, 30, 35, 40,
45, 50, 55, 60, 65, 70, 75, 80, 85, 90, 95, 96, or 100
biomarkers listed in Table 31. [00330] In some
embodiments the biomarker profile has between 2 and 10
biomarkers listed in Table 33. In some embodiments,
the biomarker profile has between 3 and 10 biomarkers
listed in Table 32. In some embodiments, the biomarker
profile has between 4 and 10 biomarkers listed in
Table 32. In some embodiments, the biomarker profile
has at least 3 biomarkers listed in Table 32. In some
embodiments, the biomarker profile has at least 4
biomarkers listed in Table 32. In some embodiments,
the biomarker profile has at least 6, 7, 8, 9, or 10
biomarkers listed in Table 32. In some embodiments,
each such biomarker is a nucleic acid. In some
embodiments, each such biomarker is a protein. In some
embodiments, some of the biomarkers in the biomarker
profile are nucleic acids and some of the biomarkers
in the biomarker profile are proteins. [00331] In some
embodiments the biomarker profile has between 2 and 10
biomarkers listed in Table 33. In some embodiments,
the biomarker profile has between 3and 10 biomarkers
listed in Table 33. In some embodiments, the biomarker
profile has between 4 and 10 biomarkers listed in
Table 33. In some embodiments, the biomarker profile
has at least 3 biomarkers listed in Table 33. In some
embodiments, the biomarker profile has at least 4
biomarkers listed in Table 33. In some embodiments,
the biomarker profile has at least 6, 7, 8, 9, or 10
biomarkers listed in Table 33. In some embodiments,
each such biomarker is a nucleic acid. In some
embodiments, each such biomarker is a protein. In some
embodiments, some of the biomarkers in the biomarker
profile are nucleic acids and some of the biomarkers
in the biomarker profile are proteins. [00332] In some
embodiments the biomarker profile has between 2 and
130 biomarkers listed in Table 34. In some
embodiments, the biomarker profile has between 3 and
40 biomarkers listed in Table 34. In some embodiments,
the biomarker profile has between 4 and 25 biomarkers
listed in Table 34. In some embodiments, the biomarker
profile has at least 3, 4, 5, 6, 7, 8, 9, 10, 11, 12,
13, 14, 15, 16, 17, 18, 19, 20, 25, 30, 35, or 40
biomarkers listed in Table 34. In some embodiments,
each such biomarker is a nucleic acid. In some
embodiments, each such biomarker is a protein. In some
embodiments, some of the biomarkers in the biomarker
profile are nucleic acids and some of the biomarkers
in the biomarker profile are proteins. [00333] In some
embodiments the biomarker profile has between 2 and 7
biomarkers listed in Table 36. In some embodiments,
the biomarker profile has between 3 and 6 biomarkers
listed in Table 36. In some embodiments, the biomarker
profile has between 4 and 7 biomarkers listed in Table
36. In some embodiments, the biomarker profile has at
least 3 biomarkers listed in Table 36. In some
embodiments, the biomarker profile has at least 4
biomarkers listed in Table 36. In some embodiments,
the biomarker profile has at least 6, 7, 8, 9, or 10
biomarkers listed in Table 36. In some embodiments,
each such biomarker is a nucleic acid. In some
embodiments, each such biomarker is a protein. In some
embodiments, some of the biomarkers in the biomarker
profile are nucleic acids and some of the biomarkers
in the biomarker profile are proteins. [00334] In some
embodiments the biomarker profile has between 2 and 53
biomarkers listed in Table I . In some embodiments,
the biomarker profile has between 3 and 50 biomarkers
listed in Table I. In some embodiments, the biomarker
profile has between 4 and 25 biomarkers listed in
Table I . In some embodiments, the biomarker profile
has at least 3 biomarkers listed in Table I. In some
embodiments, the biomarker profile has at least 4
biomarkers listed in Table I . In some embodiments,
the biomarker profile has at least 5, 6, 7, 8, 9, 10,
11, 12, 13, 14, 15, 15, 17, 18, 19, 20, 21, 22, 23,
24, 25, 26, 27, 28, 29,30, 31, 32, 33, 34, 35, 36, 37,
38, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 50,
51, 52, or 53 biomarkers listed in Table I . In some
embodiments, each of the biomarkers in the biomarker
profile is a nucleic acid in Table I . In some
embodiments, each of the biomarkers in the biomarker
profile is a protein in Table I . In some embodiments,
some of the biomarkers in a biomarker profile are
proteins in Table I and some of the biomarkers in the
same biomarker profile are nucleic acids in Table I .
[00335] In some embodiments the biomarker profile has
between 2 and 44 biomarkers listed in Table J. In some
embodiments, the biomarker profile has between 3 and
44 biomarkers listed in Table J . In some embodiments,
the biomarker profile has between 4 and 25 biomarkers
listed in Table J . In some embodiments, the biomarker
profile has at least 3 biomarkers listed in Table J .
In some embodiments, the biomarker profile has at
least 4 biomarkers listed in Table J . In some
embodiments, the biomarker profile has at least 5, 6,
7, 8, 9, 10, 11, 12, 13, 14, 15, 15, 17, 18, 19, 20,
21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33,
34, 35, 36, 37, 38, 39, 40, 41, 42, or 43 biomarkers
listed in Table J . In some embodiments, each of the
biomarkers in the biomarker profile is a nucleic acid
in Table J. In some embodiments, each of the
biomarkers in the biomarker profile is a protein in
Table J . In some embodiments, some of the biomarkers
in a biomarker profile are proteins in Table J and
some of the biomarkers in the same biomarker profile
are nucleic acids in Table J . [00336] In some
embodiments the biomarker profile has between 2 and 10
biomarkers listed in Table K. In some embodiments, the
biomarker profile has between 3 and 10 biomarkers
listed in Table K. In some embodiments, the biomarker
profile has between 4 and 10 biomarkers listed in
Table K. In some embodiments, the biomarker profile
has at least 3 biomarkers listed in Table K. In some
embodiments, the biomarker profile has at least 4
biomarkers listed in Table K. In some embodiments, the
biomarker profile has at least 5, 6, 7, 8, or 9
biomarkers listed in Table K. In some embodiments,
each of the biomarkers in the biomarker profile is a
nucleic acid in Table K. In some embodiments, each of
the biomarkers in the biomarker profile is a protein
in Table K. In some embodiments, some of the
biomarkers in a biomarker profile are proteins in
Table K and some of the biomarkers in the same
biomarker profile are nucleic acids in Table K. 5.6.1
Isolation of Useful Biomarkers [00337] The biomarkers
of the present invention may, for example, be used to
raise antibodies that bind the biomarker if it is a
protein (using methods described in Section 5.4.2,
supra, or any method well known to those of skill in
the art), or they may be used todevelop a specific
oligonucleotide probe, if it is a nucleic acid, for
example, using a method described in Section 5.4.1,
supra, or any method well known to those of skill in
the art. The skilled artisan will readily appreciate
that useful features can be further characterized to
determine the molecular structure of the biomarker.
Methods for characterizing biomarkers in this fashion
are well-known in the art and include X-ray
crystallography, high-resolution mass spectrometry,
infravod spectrometry, ultraviolet spectrometry and
nuclear magnetic resonance. Methods for determining
the nucleotide sequence of nucleic acid biomarkers,
the amino acid sequence of polypeptide biomarkers, and
the composition and sequence of carbohydrate
biomarkers also are well-known in the art. 5.7
APPLICATION OF THE PRESENT INVENTION TO SIRS SUBJECTS
[00338] In one embodiment, the presently described
methods are used to screen SIRS subjects who are at
risk for developing sepsis. A biological sample is
taken from a SIRSpositive subject and used to
construct a biomarker profile. The biomarker profile
is then evaluated to determine whether the feature
values of the biomarker profile satisfy a first value
set associated with a particular decision rule. This
evaluation classifies the subject as 



a converter or a nonconverter. A treatment regimen may
then be initiated to forestall or prevent the
progression of sepsis when the subject is classified
as a converter. 5.8 APPLICATION OF THE PRESENT
INVENTION TO STAGES OF SEPSIS [00339] In one
embodiment, the presently described methods are used
to screen subjects who are particularly at risk for
developing a certain stage of sepsis. A biological
sample is taken from a subject and used to construct a
biomarker profile. The biomarker profile is then
evaluated to determine whether the feature values of
the biomarker profile satisfy a first value set
associated with a particular decision rule. This
evaluation classifies the subject as having or not
having a particular stage of sepsis. A treatment
regimen may then be initiated to treat the specific
stage of sepsis. In some embodiments, the stage of
sepsis is for example, onset of sepsis, severe sepsis,
septic shock, or multiple organ dysfunction. 5.9
EXEMPLARY EMBODIMENTS [00340] In some embodiments of
the present invention, a biomarker profile is obtained
using a biological sample from a test subject,
particularly a subject at risk of developing sepsis,
having sepsis, or suspected of having sepsis. The
biomarker profile in such embodiments is evaluated.
This evaluation can be made, for example, by applying
adecision rule to the test subject. The decision rule
can, for example, be or have been constructed based
upon the biomarker profiles obtained from subjects in
the training population. The training population, in
one embodiment, includes (a) subjects that had SIRS
and were then diagnosed as septic during an
observation time period as well as (b) subjects that
had SIRS and were not diagnosed as septic during an
observation time period. If the biomarker profile from
the test subject contains appropriately characteristic
features, then the test subject is diagnosed as having
a more likely chance of becoming septic, as being
afflicted with sepsis or as being at the particular
stage in the progression of sepsis. Various
populations of subjects including those who are
suffering from SIRS (e.g., SIRSpositive subjects) or
those who are suffering from an infection but who are
not suffering from SIRS (e.g., SIRS-negative subjects)
can serve as training populations. Accordingly, the
present invention allows the clinician to distinguish,
inter alia, between those subjects who do not have
SIRS, those who have SIRS but are not likely to
develop sepsis within a given time frame, those who
have SIRS and who are at risk of eventually becoming
septic, and those who are suffering from a particular
stage in the progression of sepsis. For more details
on suitable training populations and suitable data
collected from such populations, see Section 5.5,
above. 5.10 USE OF ANNOTATION DATA TO IDENTIFY
DISCRIMINATING BIOMARKERS [00341] In some embodiments,
data analysis algorithms identify a large set of
biomarkers whose features discriminate between
converters and nonconverters. For example, in some
embodiments, application of a data analysis algorithm
to a training population results in the selection of
more than 500 biomarkers, more than 1000 biomarkers,
or more than 10,000 biomarkers. In some embodiments,
further reduction in the number of biomarkers that are
deemed to be discriminating is desired. Accordingly,
in some embodiments, filtering rules that are
complementary to data analysis algorithms (e.g., the
data analysis algorithms of Section 5.5) are used to
further reduce the list of discriminating biomarkers
identified by the data analysis algorithms.
Specifically, the list of biomarkers identified by
application of one or more data analysis algorithms to
the biomarker profile data measured in a training
population is further refined by application of
annotation data based filtering rules to the list. In
such embodiments, those biomarkers in the set of
biomarkers identified by the one or more data analysis
algorithms that satisfy the one or more applied
annotation data based filtering rules remain in the
set of discriminating biomarkers. In some instances,
those biomarkers in the set of biomarkers identified
by theone or more data analysis algorithms that do not
satisfy the one or more applied annotation data based
filtering rules are removed from the set. In other
instances, those biomarkers in the set of biomarkers
identified by the one or more data analysis algorithms
that do not satisfy the one or more applied annotation
data based filtering rules stay in the set and those
that satisfy the one or more applied annotation data
based filtering rules are removed from the set. In
this way, annotation data can be used to reduce the
number of biomarkers in the set of discriminating
biomarkers identified by the data analysis algorithms.
[00342] Annotation data based filtering rules are
rules based upon annotation data. Annotation data
refers to any type of data that describes a property
of a biomarker. An example of annotation data is the
identification of biological pathways to which a given
biomarker belongs. Another example of annotation data
is enzymatic class (e.g., phosphodiesterases, kinases,
metalloproteinases, etc.). Still other examples of
annotation data include, but are not limited to,
protein domain information, enzymatic substrate
information, enzymatic reaction information, and
protein interaction data. Yet another example of
annotation data is disease association, in other
words, which disease process a given biomarker has
been linked to or otherwise affects. Another form of
annotation data is any type of data that associates
biomarker expression, other forms of biomarker
abundance, and/or biomarker activity, with cellular
localization, tissue type localization, and/or cell
type localization. [00343] As the name implies,
annotation data is used to construct an annotation
data based filtering rule. An example of an annotation
data based filtering rule is: Annotation rule 1 :
remove all transcription factors from the training
set. Application of this filtering rule to a set of
biomarkers will remove all transcription factors from
the set. [00344] Another type of annotation data based
filtering rule is: Annotation rule 2 : keep all
biomarkers that are enriched for annotation X in a
biomarker list.Application of this filtering rule will
only keep those biomarkers in a given list that are
enriched (overrepresented) for annotation X in the
list. To more fully appreciate this filtering rule,
consider an exemplary biomarker set that has been
identified by application of a data analysis algorithm
(Section 5.5) to biomarker profiles measured using
training population data measured in accordance with a
technique disclosed in Section 5.4. This exemplary
biomarker set has 500 biomarkers. Assume, for in this
illustrative example, that the full set of biomarkers
in a human consists of 25,000 biomarkers. Here, the
25,000 biomarkers is a population and the 500
biomarker set is the sample. As used here, the term
"population" consists of all possible observable
biomarkers. The term "sample" is the data that is
actually considered. Now, for this example, let X =
kinases. Suppose there are 800 known human kinases and
further suppose that the set of 500 biomarkers was
randomly selected with respect to kinases. Under these
circumstances, the list of 500 biomarkers identified
by the data analysis algorithms should select about
(500 / 25,000) * 800 = 16 kinases. Since there are, in
fact, 50 kinases in the sample, a conclusion can be
reached that kinases are indeed enriched in the sample
relative to the population. [00345] More formally, in
this example, a determination can be made as to
whether kinases are enriched in the set of biomarkers
identified by the data analysis algorithm (the sample)
relative to the population by analysis of the two-way
contingency table that describes the observed sample
and population: Kinase Group Yes No Total Population
800 24,200 25,000 Sample 50 450 500 [00346] Following
Agresti, 1996, An Introduction to Categorical Data
Analysis, John Wiley & Sons, New York, which is hereby
incorporated by reference in its entirety, this
two-way contingency table can be analyzed by treating
each row as an independent bionomial variable. In such
instances, the true difference in proportions, termed
p\ - p2, compares the probabilities in the two rows.
This difference falls between - 1 and +1. It equals
zero when TC1= p2; that is, when the selection of
kinases in the sample from the population is
independent of the kinase annotation. Of the N1 =
25,000 biomarkers in the population, 800 are kinases,
a proportion ofp \ = 800 / 25,000 = 0.032. Of the N2 =
500 biomarkers in the sample identified using a data
analysis algorithm, 50 are kinases, aproportion 2 of
50/500 = 0.10. The sample difference of proportions is
0.032 - 0.10 = - 0.068. In accordance with Agresti,
when the counts in the two rows are independent
binomial samples, the estimated standard error of 1-p
is: where N1 and N are the samples sizes for the
population and the sample selected by data analysis
algorithm, respectively. The standard error decreases,
and hence the estimate OfTr1 -7t 2 improves, as the
sample sizes increase. A large-sample (100(1 - a))%
confidence interval for 7C1-p2 is Thus, for this
example, the estimated error is 



and a 95% confidence interval for the true difference
pi - p2 is -0.068  1.96(0.013), or - 0.068  0.025.
Since the 95% confidence interval contains only
negative values, the conclusion can be reached that
kinases are enriched in the sample (the biomarker set
produced by the data analysis algorithm) relative to
the population of 25,000 biomarkers. [00347] The
two-way contingency table in the example above can be
analysed using methods known in the art other than the
one disclosed above. For example, the chi-square test
for independence and/or Fisher's exact test can be
used to test the null hypothesis that the row and
column classification variables of the two-way
contingency table are independent. [00348] The term
"X" in annotation rule 2 can be any form of annotation
data. In one embodiment, "X" is any biological
pathway. As such the annotation data based filtering
rule has the following form. Annotation rule 3 :
Select all biomarkers that are in any biological
pathway that is enriched in the biomarker list. To
determine whether a particular biological pathway is
enriched, the number of biomarkers in a particular
biological pathway in the sample is compared with the
number of biomarkers that are in the particular
biological pathway in the population using, for
example, the twoway contingency table analysis
described above, or other techniques known in the art.
If the biological pathway is enriched in the sample,
then all biomarkers in the sample that are also in the
biological pathway are retained for further analysis,
in accordance with the annotation data based filtering
rule. [00349] An example of enrichment, in which it
was shown that the proportion of kinases in the sample
was greater than the proportion of kinases in the
population across its entire 95% confidence interval
has been given. In one embodiment, biomarkers having a
given annotation are considered enriched in the sample
relative to the population when the proportion of
biomarkers having the annotation in the sample is
greater than the proportion of biomarkers having the
annotation in the population across its entire 95%
degree confidence interval as determined by two-way
contingency table analysis hi another embodiment,
biomarkers having a given annotation are considered
enriched in the sample relative to the population if
ap value as determined by the Fisher exact test,
Chi-square test, or relative algorithms is 0.05 or
less, 0.005 or less or 0.0005 or less. [00350] Another
form of annotation data based filtering rule has the
following form: Annotation rule 4 : Select all
biomarkers that are in biological pathway X . [00351]
In an embodiment, a set of biomarkers is determined
using a data analysis algorithm. Exemplary data
analysis algorithms are disclosed in Section 5.5. In
addition, Section 6 describes certain tests that can
also serve as data analysis algorithms. These tests
include, but are not limited to a Wilcoxon test and
the like with a statistically significant^ value
(e.g., 0.05 or less, 0.04, or less, etc.), and/or a
requirement that a biomarker exhibit a mean
differential abundance between biological samples
obtained from converters and biological samples
obtained from nonconverters in a training population.
Upon application of the data analysis algorithm, a set
of biomarkers that discriminates between converters
and nonconverters is determined. Next, an annotation
rule, for example annotation rule 4, is applied to the
set of discriminating biomarkers in order to further
reduce the set of biomarkers. Those of skill in the
art will appreciate that the order in which these
rules are applied is generally not important. For
example, annotation rule 4 can be applied first and
then certain data analysis algorithms can be applied,
or vice versa. In some embodiments, biomarkers
ultimately deemed as discriminating between converters
and nonconverters satisfy each of the following
criteria: (i) ap value of 0.05 or less (p < 0.05) as
determinedfrom a Wilcoxon adjusted test using static
(single time point) data; (ii) a mean-fold change of
1.2 or greater between converters and nonconverters
across the training set using static (single time
point data), and (iii) present in a specific
biological pathway. See also, Section 6.7, infra, for
a detailed example. In this example, there is no
requirement that members of the pathway are enriched
in the set of biomarkers identified by the data
analysis algorithms. Furthermore, it is noted that
criteria (i) and (ii) are forms of data analysis
algorithms and criterion (iii) is a annotation data
based filtering rule. [00352] In another embodiment,
once a list of discriminating biomarkers is
identified, the biomarkers can then be used to
determine the identity of the particular biological
pathways from which the discriminating biomarkers are
implicated. In certain embodiments, annotation
data-based filtering rules are applied to the list of
discriminating biomarkers identified by the methods of
the present invention {e.g., the methods described in
Sections 5.4, 5.5 and 6). Such annotation data-based
filtering rules identify the particular biological
pathway or pathways that are enriched in the
discriminating list of biomarkers identified by the
data analysis algorithms. In an exemplary embodiment
of the invention, DAVID 2.0 software, available at
appsl.niaid.nih.gov/david/, is used to identify and
apply such annotation data-based filtering rules to
the set of biomarkers identified by the data analysis
algorithms in order to identify pathways that are
enriched in the set. In some embodiments, those
biomarkers that are in an enriched biological pathway
are selected for use as discriminating biomarkers in
the kits of the present invention. [00353] In some
embodiments of the present invention, biomarkers that
are in biological pathways that are enriched in the
biomarker set determined by application of a data
analysis algorithm to a training population that
includes converters and nonconverters can be used as
filtering step to reduce the number of biomarkers in
the set. In one such approach, biological samples from
subjects in a training population are obtained using,
e.g., any of one or more of the methods described in
Section 5.4, supra, and in Section 6, infra. In
accordance with this embodiment, a nucleic acid array,
such as a cDNA microarray, may be employed to generate
features of biomarkers in a biomarker profile by
detecting the expression of any one or more of the
genes known to be or suspected to be involved in the
selected biological pathways. Data derived from the
cDNA microarray analysis may then be analyzed using
any one or more of the analysis algorithms described
in Section 5.5, supra, to identify biomarkers whose
features discriminate between converters and
nonconverters. Biomarkers whose corresponding feature
values are capable of discriminating, for example,
between converters {i.e., SIRS patients who
subsequentlydevelop sepsis) and non-converters (i.e.,
SIRS patients who do not subsequently develop sepsis)
can thus be identified and classified as
discriminating biomarkers. Biomarkers that are in
enriched biological pathways can be selected from this
set by applying Annotation rule 3, from above.
Representative biological pathways that could be found
include, for example, genes involved in the Thl/Th2
cell differentiation pathway). In one embodiments,
biomarkers ultimately deemed as discriminating between
converters and nonconverters satisfy each of the
following criteria: (i) ap value of 0.05 or less (p
<0.05) as determined from a Wilcoxon adjusted test;
(ii) a mean-fold change of 1.2 or greater between
converters and nonconverters across the training set,
and (iii) present in a biological pathway that is
enriched in the set of biomarkers derived by
application of criteria (i) and (ii). [00354] In some
embodiments of the present invention, annotation data
based filtering rules are used to identify biological
pathways that are enriched in a given biomarker set.
This biomarker set can be, for example, a set of
biomarkers that is identified by application of a data
analysis algorithm to training data comprising
converters and nonconverters. Then, biomarkers in
these enriched biological pathways are analyzed using
any of the data analysis algorithms disclosed herein
in order to identify biomarkers that discriminate
between converters and nonconverters. In some
instances, some of the biomarkers analyzed in the
enriched biological pathways were not among the
biomarkers in the original given biomarker set. In
some instances, some of the biomarkers in the enriched
biological pathways are among the biomarkers in the
original given biomarker set. In some embodiments, a
secondary assay is used to collect feature data for
biomarkers that are in enriched pathways and it is
this data that is used to determine whether the
biomarkers in the enriched biological pathways
discriminate between converters and nonconverters.
[00355] In some embodiments, biomarkers in biological
pathways of interest are identified. In one example,
genes involved in the Thl/Th2 cell differentiation
pathway are identified. Then, these biomarkers are
evaluated using the data analysis algorithms disclosed
herein to determine whether they discriminate between
converters and nonconverters. 5.11 REPRESENTATIVE
EMBODIMENT IN ACCORDANCE WITH THE PRESENT INVENTION
[00356] Sections 6.1 1 through 6.13 identify a number
of biomarkers that are of interest in one embodiment
in accordance with the present invention.
Specifically, one embodiment of the present invention
comprises the 10 biomarkers identified in Table 48 of
Section 6.11.1, the 34 biomarkers listed in Table 59
of Section 6.11.2, and the 10biomarkers listed in
Table 93 of Section 6.13.1, below. Table 48 and Table
93 each identify MMP9 as a discriminating biomarker.
Thus, the total number of biomarkers in Table I is 



one less than the sum of the biomarkers identified in
Tables 48, Table 59, and Table 93, (34 + 10 + 10 -1)
or 53. These biomarkers are reproduced in Table
I5below. Section 5.1 1.1 provides details on each of
the individual biomarkers. Section 5.1 1.2, below,
provides more details on select combinations of the
biomarkers listed in Tables I5 J, and K. Each of the
biomarkers listed in Table I were selected based on
the experimental results summarized in Sections 6.1 1
through 6.13. In some experiments, the identified
biomarkers were proteins or fragments thereof. Such
protein biomarkers, which discriminate between sepsis
and SIRS, are listed in Table I with a "P" designation
in column 5. In some experiments, the identified
biomarkers were nucleic acids or fragment thereof.
Such nucleic acid biomarkers, which discriminate
between sepsis and SIRS, are listed in Table I with an
"N" designation in column 5. As indicated above, one
biomarker MMP9, was identified both as a protein and
as a nucleic acid biomarker. Table J below lists the
biomarkers in accordance with one embodiment of the
present invention in which the biomarkers were
discovered using nucleic acid based assays described
in Section 6, such as RT-PCR. Table K below lists the
biomarkers in accordance with one embodiment of the
present invention in which the biomarkers were
discovered using protein based assays, described in
Section 6, such as bead assays. One embodiment of the
invention comprises at least 3, 4, 5, 6, 7, 8, 9, or
10 biomarkers from any one of Tables 48, 59, or 93.
[00357] Unless indicated in specific embodiments
below, the biomarkers of Tables I5 J and K are not
limited by their physical form in the experiments
summarized in Sections 6.1 1 through 6.13. For
example, although the discriminatory nature of a
biomarker may have been discovered by the abundance of
the biomarker, in nucleic acid form, in a nucleic acid
assay such as RT-PCR and accordingly listed in Table I
on this basis with an "N" designation in column 5 of
Table I5the physical manifestation of the biomarker in
the methods, kits, and biomarker profiles of the
present invention is not limited to nucleic acids.
Rather, any physical manifestation of the biomarker as
defined for the term "biomarker" in Section 5.1 is
encompassed in the present invention. Column 6 of
Table I indicates, based on the data summarized in
Section 6 below, whether the biomarker is up-regulated
or down-regulated in the subjects that will convert to
sepsis (the converters) relative to the subjects that
will not convert (the SIRS subjects). Thus, if a
biomarker has the designation UP, in column 6, that
means that the biomarker, in the form indicated in
column 5, was, on average, more abundant in subjects
that will convert to sepsis (sepsis subjects) relative
tosubjects that will not convert to sepsis (SIRS
subjects). Furthermore, if a biomarker has the
designation DOWN, in column 6, that means that the
biomarker, in the form indicated in column 5, was, on
average, less abundant in subjects that will convert
to sepsis (sepsis subjects), relative to subjects that
will not convert to sepsis (SIRS subjects). Table I :
Biomarkers in accordance with an embodiment of the
present invention.[0001] METHOD AND APPARATUS FOR
GENERATING LOUD PACKETS TO ESTIMATE PATH LOSS [0002]
FIELD OF INVENTION [0003] The present invention is
related to a wireless communication system, (e.g., a
wireless local area network (WLAN)), comprising a
plurality wireless transmit/receive units (WTRUs),
(i.e., mobile stations). More particularly, the
present invention is related to a method and apparatus
for generating loud packets to estimate path losses
between the WTRUs. [0004] BACKGROUND [0005] In a
wireless system whose multiple-access scheme is based
on carrier sense multiple access/collision avoidance
(CSMA/CA) in accordance with IEEE 802 standards,
(e.g., IEEE 802.11), WTRUs determine when to attempt
receiving and transmitting packets based on the
strength of received signals transmitted from
neighboring WTRUs utilizing the same channel. By
avoiding transmitting simultaneously, multiple WTRUs
can avoid mutually interfering with each other while
sharing the same channel. [0006] Afew key parameters,
such as an energy detect threshold (EDT) and a defer
threshold (DT), are typically used by a WTRU in
determining when it is possible to transmit or receive
a packet. The EDT represents the smallest received
signal power for which reception of a packet will be
attempted. The DT represents the smallest received
signal power for which transmission of a packet by the
WTRUwill be deferred. The DT value may or may not be
the same as the EDT value. [0007] Although the basic
concept of CSMA/CA is straightforward, there are
certain situations where it results in undue reduction
of capacity with respect to the maximum capacity that
could be obtained. For instance, there are cases where
two transmitters, (communicating with different
receivers), could transmit simultaneously without
interfering significantly with each other, but they do
not do so because they hear each other above the
values of their respective EDTand/or DT. This results
in a waste of capacity which could be avoided if one
of the following actions would take place: a) The
WTRUs reduce their transmission powers, so that the
WTRUs cannot hear each other above the EDT, (and/or
DT), but can still communicate at the optimum data
rate to their respective counterparts; b) the WTRUs
raise their EDT, (and/or DT), sothat the signals they
receive from each other fall below this threshold; or
c) a combination of a) and b). [0008] The techniques
by which a node or a system determines and sets the
above-mentioned parameters, (transmission power, EDT,
DT), will be hereinafter referred to as deferral
management. The appropriate setting of these
parameters would be facilitated if the WTRUs would
know their path losses between each other, as well as
the EDT or DT values used by other WTRUs. This
knowledge would allow a WTRU, (or another node, such
as an access point (AP) which controls some of the
parameters of the WTRU), to predict if transmitting at
a certain level would result in a received signal
being above or below the EDT for a given neighboring
WTRU. This knowledge could thereafter be used in
algorithms aimed at optimizing capacity. [0009]
Obtaining path loss estimates may also be useful for
positioning purposes. Using the knowledge of the set
of path losses between pairs ofWTRUs, as well as the
knowledge of the position of several fixedWTRUs,
(typicallyAPs or mesh points (MPs in a mesh network),
it is possible to estimate the location of a WTRU.
This estimation could be performed by a node, (which
may or may not be a WTRU), collecting the path loss
estimates from one or several different WTRUs. [0010]
Therefore, a method by which WTRUscould reliably
estimate their path loss to other WTRUs is desired.
[0011] Problem to be solved [0012] One straightforward
manner in which a first WTRUcould estimate the path
loss between itself and a second WTRU that is
neighboring the first WTRU would be for the first WTRU
to subtract the received power it perceivesfrom the
transmission power used by the secondWTRU. This
assumes that the first WTRU is capable of determining
the power at which the second WTRU transmits a signal
that the first WTRU measured. The following are
reasons why this is not possible in the current state
of WLAN technology: [0013] 1) The setting of
transmission power by APs, WTRUs, and MPs in
state-of-the-art WLANs is proprietary and not
communicated t o other WTRUs. For example, the
existing 802.H h / 802.11k transmission power control
(TPC) mechanism only imposes a maximum transmission
power setting for the basic service set (BSS) that is
not to be exceeded for regulatory purposes. It should
be understood that any WTRUmay vary transmission power
below that maximum imposed limit, without
communicating its internal proprietary decisions
toother WTRUs, APs, or MPs. [0014] 2) The transmission
power that each WTRU uses can vary on a packet basis.
This implies that, in order for the first WTRUto
estimate the path loss separating it from the
secondWTRU,the first WTRUwould have toreceive a packet
from the second WTRU whereby the power at which the
packet was transmitted would be indicated inside the
packet. Using the same aforementioned example, the
only signaling that allows such a packet to be
transmitted is the 802.11h/802.11k TPC request/TPC
report frame exchange mechanism which requires a
dedicated two-way signaling exchange and cannot be set
periodically. Moreover, the TPC requests/reports
cannot be sent toWTRUs that are outside the BSS. In
scenarios where WTRUs aim at adjusting their
transmission power and DT/EDT parameters such that
they would increase the 



capacity of the system without creating a hidden node
inside and across BSSs in the system, the knowledge of
the path loss between WTRUs from a different WTRU is
often desired. [0015] 3) In many scenarios, the first
WTRU may not hear the second WTRUbecause the
secondWTRUtransmits at a lower power than its maximum
power. This might be the case if the second WTRU uses
battery management techniques or deferral management
techniques. It should be noted that in scenarios where
a WTRUaims at adjusting its deferral management
parameters,it may be desirable to estimate the path
loss of WTRUs even if it cannot hear them. There is
currently no way for a WLAN node to dictate to another
WLAN node to increase its transmission power or even
to mandate the use of a specific transmission power
other than specifying the maximum power that can be
used. This also applies to the TPC request / TPC
report mentioned above. [0016] The above-mentioned
issues regarding the mechanisms, (or in the lack of
mechanisms), supporting path loss estimation between
WTRUs pose several problems. In some cases, thee
mechanisms force WTRUs to assume a value for the
transmission power of the neighboring WTRU, which is
not very accurate given the variations among different
WTRU manufacturers and the possibility that a
neighboring WTRU uses a transmission power lower than
the maximum. In other cases, the mechanisms can
completely prevent any path loss estimation between
two WTRUs from being performed. [0017] SUMMARY [0018]
The present invention is implemented in. a wireless
communication system, (e.g., a WLAN), including a
plurality ofWTRUs and a coordinating node, (e.g., an
access point (AP)). A loud packet is transmitted from
a first one of the WTRUs to a second one of the WTRUs.
The coordinating node transmits a loud packet
generation request message. Afirst one of the WTRUs
receives the loud packet generation request message
and transmits at least one loud packet at a
transmission power specified by the loud packet
generation request message. Optionally, the first WTRU
transmits a loud packet generation response message. A
second one of the WTRUsreceives the loud packet and
determines a path loss between the first WTRU and the
second WTRU by subtracting the signal strength of the
loud packet from the determined transmission power of
the loud packet.[0019] BRIEF DESCRIPTION OF THE
DRAWINGS [0020] Amore detailed understanding of the
invention may be had from the following description,
given by way of example and to be understood in
conjunction with the accompanying drawings wherein:
[0021] Figure 1 is a flow signal diagram whereby loud
packets are sent from a coordinating node to one or
more WTRUs in a wireless communication system
configured in accordance with the present invention;
[0022] Figure 2 is a block diagram of a wireless
communication system including a plurality of WTRUs
which use smart antennas to transmit and receive loud
packets in accordance with the present invention;
[0023] Figure 3 is a flow diagram of a process of
estimating path loss between two WTRUs in accordance
with one embodiment of the present invention; [0024]
Figure is a flow diagram of a process of estimating
path loss between two WTRUs based on information
included in a loud packet generation request message
transmitted by a coordinating node in accordance with
another embodiment of the present invention; and
[0025] Figure 5 is a flow diagram of a process of
estimating path loss between two WTRUs based on
conditions specified by a loud packet generation
request message transmitted by a third WTRU in
accordance with yet another embodiment of the present
invention. [0026] DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENTS [0027] When referred
tohereafter, aWTRUincludes but is not limited to a
user equipment (UE), a mobile station, a fixed or
mobile subscriber unit, a pager, or any other type of
device capable of operating in a wireless environment.
When referred tohereafter, an access point (AP)
includes but is not limited to a Node-B, site
controller, base station or any other type of
interfacing device in a wireless communication
environment. [0028] In the following description, a
WTRU may refer to any node in a wireless communication
system, (e.g., an IEEE 802 WLAN system), a station,(AP
or non-AP), in an independent basic service set (IBSS)
or an infrastructure basic service set (BSS), or a
mesh point, mesh AP or mesh portal in a mesh network.
[0029] The features of the present invention may be
incorporated into an integrated circuit (IC) or be
configured in a circuit comprising a multitude of
interconnecting components. [0030] Loud packet concept
[0031] In accordance with one embodiment of the
present invention, WTRUs transmit, from time to time,
packets, (hereinafter referred to as "loud packets"),
at a high transmission power,whereby the value at
which the packet is transmitted is known to the other
WTRUs. These loud packets need not be directed to any
specific WTRU or group of WTRUs, but can simply be
broadcast to the set of WTRUs receiving on the same
frequency channel. A neighboring WTRU desiring to
calculate an estimate of its path loss to the WTRU
transmitting the loud packet can do so by simply
comparing the signal strength of the received loud
packet to the indicated or known transmission power of
the loud packet. For instance, the path loss estimate
can be obtained by using the following equation:
Path_Loss (dB) = Transmission_Power_Of_Loud_Packet
(dBm) - Received_Signal_Strength_Of_Loud_Packet (dBm)
Equation (1) [0032] Preferably, the transmission power
of the loud packet is indicated in the loud packet
itself as an information field. Alternatively, this
transmission power may also be periodically broadcast
by the AP, indicated to each WTRU upon association to
the AP, or communicated to a WTRU as part of other
signaling exchanges. In this case, there is an
information field present in the loud packet to
indicate to receiving WTRUs that it is a loud packet
and not a normal packet. Preferably, the transmission
power of the loud packet should be equal to the
maximum transmission power of the WTRUtransmitting the
loud packet. This ensures the widest possible area for
successful reception of the loud packet and the most
reliable estimation. However, this is not mandatory.
Notethat packets other than loud packets may be
transmitted at a lower power in order to trade-off
against other system parameters. [0033] An identifier,
(e.g., MAC address) of the WTRU transmitting the loud
packet should also be included in an information
field, so that receiving WTRUs know which WTRUthe path
loss estimate corresponds to. [0034] Alternatively,
loud packets can be implemented by any existing
signaling frames sent with a transmission power
selected by the transmitter and known by the receiver.
For example, the transmission power may be known
explicitly by the receiver from an attached or
piggy-backed information element (IE) in the existing
signaling frame. Alternatively, the transmission power
for the loud packet can be known by the receiver as
part of a prior signaling exchange with the sender of
the loud packet. [0035] In one advantageous
realization, Beacon / Probe Response frames are used
to take on the role of a loud packet. Their respective
transmission powers could be either part of the
beacon/probe request frame itself, or the agreed,
pre-determined transmission power settings for these
frames are communicated to the WTRUs by other means,
such as neighbor information signaling. [0036]
Additional information reported in loud packets [0037]
Loud packets can be used as a flexible reporting
mechanism tohelp receiving WTRUs optimize their
parameters, (transmission power, EDT, DT). The
following parameters may be reported, (in addition to
the WTRUidentifier and the transmission power of the
loud packet or as stand-alone signaling if needed), by
the transmitting WTRU (sender): 1) In an
infrastructure BSS, the address or identifier of the
AP 



associated to the WTRU (and/or the BSS, IBSS, or mesh
identifier). 2) The power used to transmit packets
other than loud packets. 3) A list of estimates of
path loss perceived by the sender to other WTRUs. 4) A
list of signal strength (or average thereof) of
packets that the sender received from other WTRUs (one
value for each other WTRU).5)A list of total durations
of packets that the sender received from other WTRUs
within a specified amount of time (one value for each
other WTRU). 6) The EDT used by the sender or known by
the sender about other WTRUs. 7) The clear channel
assessment (CCA) mode used by the sender or known by
the sender about other WTRUs. 8) The DT used by the
sender for transmitting a packet or known by the
sender about other WTRUs. [0038] Piggyback option
[0039] In order tolimit the amount of signaling
bandwidth they use, a loud packet may be piggybacked
to another type of packet (containing traffic,
control, or management information). In this case,
preferably the whole packet should be transmitted at
the power of the loud packet. [0040] Coordinated
management of loud packets transmission [0041] The
transmission of loud packets need not be restricted to
specific WTRUs. However, it may be desirable that this
transmission be controlled to some extent by a
coordinating node. Typically, the AP should play the
role of the coordinating node in an infrastructure
BSS. Controlling the generation of loud packets by a
coordinating node has the advantage of guaranteeing
minimum performance depending on the specific deferral
management technique or positioning technique in use
in the system. [0042] Figure 1 is a flow signal
diagram whereby loud packets are sent from a
coordinating node 105 to one or more WTRUs HOi - HON
in a wireless communication system 100 configured in
accordance with the present invention. Management of
loud packets transmission can be achieved by signaling
from the coordinating node 105, (e.g., an AP), to one
or more WTRUs H Othat are to transmit a loud packet.
Such signaling can be implemented by having the
coordinating node 105 first transmitting a loud packet
generation request message 115 t o the WTRU(s) 110.
The loud packet generation request message 115 may be
a broadcast to all WTRUs 110 under the control of the
coordinatingnode 105, (e.g., all WTRUs of the BSS), a
multicast message, or a unicast message. The loud
packet generation request message 115 may also be
appended, for example, to one of the existing IEEE 802
signaling exchanges, such as to frames involved in the
association/authentication or admission control
procedures. [0043] The information contained in the
loud packet generation request message 115 may
indicate one or more of the following: 1) The
transmission power to use for the loud packets. 2) The
information (among all possible fields listed above)
toreport in the loud packet. 3) The timing of the
transmission of one or more loud packets. Several
options are possible, including, but not limited to:
i) Periodically or quasi-periodically, with a
specified period between successive transmissions of
loud packets. ii) Aspecified number of times, (e.g.,
one), within a specified time window. iii) After a
certain condition (trigger) has been met, such as: a)
detection of packets transmitted by a new WTRU;or b)
number of packets re-transmitted within a certain time
period, above a specified threshold. 4) The number of
received packets that are retransmitted packets within
a certain time period, above a specified threshold.
5)An indication of whether the loud packets should be
piggybacked (or not) to other packets. 6) Information
about loud packet generation by other WTRUs, (i.e.,
all of the above for WTRUs other than the receiving
WTRU). [0044] The WTRU(s) receiving the loud packet
generation request message 115 may optionally respond
with a loud packet generation response message 120 as
illustrated in Figure 1. The loud packet generation
response message may indicate the transmission power
that the WTRU will use to transmit the loud packets,
(if not specified in the request message, or if
different than what wasrequested). This is useful if
the transmission power of the loud packet is not
indicated in the loud packet itself. In one
embodiment, a loud packet generation request may be
included in a field of a loud packet. Thus, the loud
packet generation request message itself may be used
by one WTRU to estimate the path loss to another WTRU.
[0045] Uncoordinated management of loud packets
transmission [0046] As an alternative to the
coordinated management approach described above, WTRUs
can autonomously determine when to transmit loud
packets and what information to report in them. This
behavior can be pre-agreed for WTRUs complying to a
certain standard. [0047] Another approach is to allow
any WTRU, (not only the coordinating node), to send a
loud packet generation request message toother WTRUs.
Such a scheme might be appropriate in ad-hoc and mesh
systems. [0048] Support for smart antennas [0049] The
above description is suitable forWTRUsusing simple
antennas. In order to support WTRUs equipped with
smart antennas (i.e., multi-beam or switched-beam
antennas), it may be useful to include some additional
information in the loud packet: [0050] 1) The antenna
beam used by the WTRU to transmit loud packets, (this
may be specified in the loud packet generation request
message by the coordinating node). The path loss
between a first WTRU and a second WTRU depends on
which antenna beams are used. If the WTRUtransmitting
the loud packet may be using different antenna beams,
the receiving WTRUshould know which one of these beams
has been used to transmit the loud packet, so that it
knows to which antenna beam the path loss measurement
should be associated. [0051] 2) The antenna beam used
by the WTRUto transmit packets other than loud
packets. Advanced deferral management algorithms need
toknow this information to properly set parameters
(e.g. defer threshold) of the receiving WTRUs. 3) The
antenna beam used by the WTRUto receive packets. This
is the antenna beam used for reception by the WTRU
that is transmitting the loudpacket - not by the WTRU
receiving the loud packet. Thus, the WTRU transmitting
the loud packet notifies other WTRUs that whenever it
receives a packet, it is using a certain antenna beam
which may be different from the one currently used to
transmit the loud packet. This information is useful
to other WTRUs so that they know whether transmitting
at a certain power would result in deferring (or not)
at this WTRU. [0052] Figure 2 is a block diagram of a
wireless communication system 200 including a
plurality of WTRUs 205i, 2052 which use smart antennas
222, 242, respectively, totransmit and receive loud
packets in accordance with the present invention. The
WTRU 205i includes a processor 210, a transmitter 215
and a receiver 220. The WTRU 2052 includes a processor
225, a transmitter 230 and a receiver 235. [0053] The
processors 210 and 225 of the WTRUs 205 are each
configured to generate loud packets, loud packet
generation request messages 115 and, optionally, loud
packet generation response messages 120, which are
transmitted via transmitters 215 and 230 and the smart
antennas 222, 242, respectively. Furthermore, each of
the receivers 220, 235 of the WTRUs 205 are configured
t o receive loud packets, loud packet generation
request messages 115 and, optionally, loud packet
generation response messages 120 via the smart
antennas 222, 242, which are then processed by the
processors 210, 225. [0054] Using the loud packet
information, the WTRU 205 receiving loud 



packets can determine distinct path loss estimates for
each antenna beam of the smart antennas 222, 242 used
by the WTRUs 205 to transmit and receive the loud
packets. It is understood that "path loss" includes
the gains due to the transmission/reception antennas,
and different beams are used to receive and transmit
different loud packets. [0055] Figure 3 is a flow
diagram of a process 300 of estimating path loss
between two WTRUs in accordance with one embodiment of
the present invention. The process 300 is implemented
in a wireless communication system, such as the system
200 of Figure 2, including a plurality of WTRUs 205i
and 2052. A first WTRU 205i transmits a loud packet
(step 305). A second WTRU2052 receives the loud packet
(step 310), determines the signal strength (in dB) of
the received loud packet (step 315), and determines
the transmission power (in dB) of the received loud
packet, (e.g., by obtaining the transmission power
from the loud packet itself or from a loud packet
generation request message that indicates what
transmission power should be used), (step 320). The
WTRU2052 determines the path loss between the WTRU
205i and the WTRU 2052 by subtracting the signal
strength determined in step 315 from the transmission
power determined in step 320 (step 325). [0056] Figure
4 is a flow diagram of a process 400 of estimating
path loss between two WTRUs based on information
included in a loud packet generation request message
transmitted by a coordinating node in accordance with
another embodiment of the present invention. The
process 400 is implemented in a wireless communication
system, such as the system 100 of Figure 1, including
a coordinating node 105 and a plurality of WTRUs HOi -
HON. The coordinating node 105 transmits a loud packet
generation request message (step 405). Afirst one of
the WTRUs 110 receives the loud packet generation
request message (step 410). In an optional step 415,
the first WTRU responds to the loud packet generation
request message by transmitting a loud packet
generation response message. In step 420, the first
WTRU transmits at least one loud packet including
information specified by the loud packet generation
request message. In step 425, a second one of the
WTRUs 110 receives the at least one loud packet,
determines the signal strength (in dB) of the received
loud packet (step 430), and determines the
transmission power (in dB) of the received loud packet
based on the information included in the loud packet
(step 435). In step 440, the second WTRUdetermines the
path loss between the first WTRU and the secondWTRU by
subtracting the signal strength determined in step 430
from the transmission power determined in step 435.
[0057] Figure 5 is a flow diagram of a process 500 of
estimating path loss between two WTRUs based on
conditions specified by a loud packet generation
request message transmitted by a third WTRU in
accordance with yet another embodiment of the present
invention. A first one of a plurality of
WTRUstransmits a loud packet generation request
message (step 505). Asecond one of the WTRUs receives
the loud packet generation request message (step 510).
In an optional step 515, the second WTRUresponds to
the loud packet generation request message by
transmitting a loud packet generation response
message. In step 520, the second WTRU transmits at
least one loud packet based on conditions specified by
the loud packet generation request message, (e.g.,
transmit at a particular transmission power, at a
particular time, using a particular antenna beam of a
smart antenna, or the like). In step 525, a third one
of the WTRUs receives the at least one loud packet,
determines the signal strength (in dB) of the received
loud packet (step 530) and determines the transmission
power (in dB) of the received loud packet (step 535).
In step 540, the third WTRUdetermines a path loss
between the secondWTRUand the third WTRU by
subtracting the signal strength determined in step 530
from the transmission power determined in step 535.
[0058] In conventional wireless communication systems,
path loss estimation to neighboring WTRUs is subject
to considerable uncertainty due to the absence of
knowledge about the transmission power of the
neighboring WTRUs. The only signaling that allows a
WTRUto know which power a given packet has been
transmitted with is the TCP request/report, which
requires dedicated two-way signaling and cannot be set
periodically. This issue is addressed in the present
invention by having the transmission power of the WTRU
indicated either within the loud packet itself or
otherwise. [0059] Furthermore, in conventional
wireless communication systems, WTRUs transmitting at
a power much lower than the maximum transmission level
cannot be heard in a wide area by other WTRUs, which
prevents any path loss estimation to be performed. It
should be noted that in scenarios where a WTRU aims at
adjusting its deferral parameters, it may be desirable
for the WTRU to estimate the path loss that separates
it from other neighboring WTRUs, even in the case
where the WTRU cannot hear them at their current
transmission power. The present invention solves this
problem.[0060] Additionally, in. conventional wireless
communication systems, a WTRU cannot accurately
estimate the path loss separating it from neighboring
WTRUs in the case where these WTRUs are not associated
to the same BSS. The present invention provides a
solution to this problem by controlling the generation
of loud packets by the WTRUs. [0061] Finally, there is
no support for path loss estimation in conventional
wireless communication systems with WTRUs equipped
with smart antennas. The present invention supports
inter-WTRUpath loss estimation when WTRUs are equipped
with smart antennas. [0062] Embodiments 1. A method of
estimating path loss in a wireless communication
system including a plurality of wireless
transmit/receive units (WTRUs), the method comprising:
a first one of the WTRUs transmitting a loud packet; a
second one of the WTRUs receiving the loud packet; the
second WTRU determining a signal strength of the
received loud packet; the second WTRUdetermining a
transmission power of the received loud packet; and
the second WTRU determining a path loss between the
first WTRU and the second WTRU by subtracting the
determined signal strength from the determined
transmission power. 2. The method of embodiment 1
wherein the transmission power is indicated in an
information field comprised by the loud packet. 3. The
method of embodiment 1wherein the wireless
communication system further includes an access point
(AP), and the transmission power is periodically
broadcast by an access point (AP) includes a field
containing the first WTRU's maximum transmission
power. 4. The method of embodiment 1 wherein the
wireless communication system further includes an
access point (AP), and the transmission power is
indicated the secondWTRUwhen the secondWTRU upon
association tothe AP.5. The method of embodiment 1
wherein the loud packet includes an information field
which indicates the maximum transmission power of the
first WTRU. 6. The method of embodiment 1 wherein the
loud packet includes an information field including an
identifier which identifies the first WTRU. 7. The
method of embodiment 6 wherein the identifier is a
medium access control (MAC) address. 8. The method of
embodiment 1wherein the loud packet comprises an IEEE
802.11 signaling frame. 9. The method of embodiment 1
further comprising: piggybacking the loud packet to
another type of packet. 10. Amethod of coordinating
the management of loud packets used to estimate path
loss in a wireless communication system including a
plurality of wireless transmit/receive units (WTRUs)
and a coordinating node, the method comprising: the
coordinating node transmitting a loud packet
generation request message; a first one of the WTRUs
receiving the loud packet generation request 



message; the first WTRU transmitting at least one loud
packet at a transmission power specified by the loud
packet generation request message; a second one of the
WTRUs receiving the at least one loud packet; the
second WTRU determining a signal strength of the
received loud packet; the second WTRU determining a
transmission power of the received loud packet; and
the second WTRU determining a path loss between the
first WTRU and the second WTRU by subtracting the
determined signal strength from the determined
transmission power. 11. The method of embodiment 10
wherein the coordinating node is an access point
(AP).12. The method of embodiment 10 further
comprising: the first WTRUresponding tothe loud packet
generation request message by transmitting a loud
packet generation response message. 13. The method of
embodiment 12 wherein the loud packet generation
response message indicates the transmission power that
the first WTRUwill use to transmit the loud packet.
14. A method of coordinating the management of loud
packets used to estimate path loss in a wireless
communication system including a plurality of wireless
transmit/receive units (WTRUs) and a coordinating
node, the method comprising: the coordinating node
transmitting a loud packet generation request message;
a first one of the WTRUs receiving the loud packet
generation request message; the first WTRU
transmitting at least one loud packet including
information specified by the loud packet generation
request message; a second one of the WTRUs receiving
the at least one loud packet; the second WTRU
determining a signal strength of the received loud
packet; the second WTRU determining a transmission
power of the received loud packet based on the
information included in the loud packet; and the
second WTRU determining a path loss between the first
WTRU and the second WTRU by subtracting the determined
signal strength from the determined transmission
power. 15. The method of embodiment 14 wherein the
coordinating node is an access point (AP). 16. The
method of embodiment 14 further comprising: the first
WTRUresponding tothe loud packet generation request
message by transmitting a loud packet generation
response message.17. The method of embodiment 16
wherein the loud packet generation response message
indicates the transmission power that the first
WTRUwill use to transmit the loud packet. 18. Amethod
of coordinating the management of loud packets used to
estimate path loss in a wireless communication system
including a plurality of wireless transmit/receive
units (WTRUs) and a coordinating node, the method
comprising: the coordinating node transmitting a loud
packet generation request message; a first one of the
WTRUs receiving the loud packet generation request
message; the first WTRUtransmitting at least one loud
packet at a time specified by the loud packet
generation request message; a second one of the WTRUs
receiving the at least one loud packet; the second
WTRU determining a signal strength of the received
loud packet; the second WTRUdetermining a transmission
power of the received loud packet; and the second WTRU
determining a path loss between the first WTRU and the
second WTRU by subtracting the determined signal
strength from the determined transmission power. 19.
The method of embodiment 18 wherein the coordinating
node is an access point (AP). 20. The method of
embodiment 18 further comprising: the first
WTRUresponding to the loud packet generation request
message by transmitting a loud packet generation
response message. 21. The method of embodiment 20
wherein the loud packet generation response message
indicates the transmission power that the first
WTRUwill use to transmit the loud packet.22. Amethod
of coordinating the management of loud packets used to
estimate path loss in a wireless communication system
including a plurality of wireless transmit/receive
units (WTRUs), the method comprising: a first one of
the WTRUs transmitting a loud packet generation
request message; a second one of the WTRUs receiving
the loud packet generation request message; the
secondWTRUtransmitting at least one loud packet at a
transmission power specified by the loud packet
generation request message; a third one of the WTRUs
receiving the at least one loud packet; the third
WTRUdetermining a signal strength of the received loud
packet; the third WTRU determining a transmission
power of the received loud packet; and the third
WTRUdetermining a path loss between the secondWTRU and
the third WTRU by subtracting the determined signal
strength from the determined transmission power. 23.
The method of embodiment 22 further comprising: the
second WTRU responding to the loud packet generation
request message by transmitting a loud packet
generation response message. 24. The method of
embodiment 23 wherein the loud packet generation
response message indicates the transmission power that
the second WTRUwill use to transmit the loud packet.
25. Amethod of coordinating the management of loud
packets used to estimate path loss in a wireless
communication system including a plurality of wireless
transmit/receive units (WTRUs), the method comprising:
a first one of the WTRUs transmitting a loud packet
generation request message; a second one of the WTRUs
receiving the loud packet generation request message;
the second WTRU transmitting at least one loud packet
including information specified by the loud packet
generation request message;a third one of the WTRUs
receiving the at least one loud packet; the third
WTRUdetermining a signal strength of the receivedloud
packet; the third WTRU determining a transmission
power of the received loud packet based on the
information included in the loud packet; and the third
WTRU determining a path loss between the secondWTRU
and the third WTRU by subtracting the determined
signal strength from the determined transmission
power. 26. The method of embodiment 25 further
comprising: the second WTRU responding to the loud
packet generation request message by transmitting a
loud packet generation response message. 27. The
method of embodiment 26 wherein the loud packet
generation response message indicates the transmission
power that the second WTRUwill use to transmit the
loud packet. 28. Amethod of coordinating the
management of loud packets used to estimate path loss
in a wireless communication system including a
plurality of wireless transmit/receive units (WTRUs),
the method comprising: a first one of the WTRUs
transmitting a loud packet generation request message;



a second one of the WTRUs receiving the loud packet
generation request message; the secondWTRUtransmitting
at least one loud packet at a time specified by the
loud packet generation request message; a third one of
the WTRUs receiving the at least one loud packet; the
third WTRUdetermining a signal strength of the
received loud packet; the third WTRU determining a
transmission power of the received loud packet; and
the third WTRU determining a path loss between the
second WTRU and the third WTRU by subtracting the
determined signal strength from the determined
transmission power. 29. The method of embodiment 28
further comprising:the second WTRU responding to the
loud packet generation request message by transmitting
a loud packet generation response message. 30. The
method of embodiment 29 wherein the loud packet
generation response message indicates the transmission
power that the second WTRUwill use to transmit the
loud packet. 31. In a wireless communication system
including a plurality of wireless transmit/receive
units (WTRUs), each WTRU comprising a smart antenna, a
method of coordinating the management of loud packets
used to estimate path loss, the method comprising: a
first one of the WTRUs receiving a loud packet
generation request message which specifies a
particular antenna beam of the smart antenna to be
used to transmit loud packets; the first
WTRUtransmitting at least one loud packet using the
particular antenna beam specified by the loud packet
generation request message; a second one of the WTRUs
receiving the at least one loud packet; the second
WTRU determining a signal strength of the received
loud packet; the second WTRU determining a
transmission power of the received loud packet; and
the second WTRU determining a path loss between the
first WTRU and the second WTRU by subtracting the
determined signal strength from the determined
transmission power. 32. The method of embodiment 31
further comprising: the second WTRU determining a path
loss for each antenna beam of the smart antenna used
to receive loud packets. 33. The method of embodiment
31 further comprising: the first WTRU determining a
path loss for each antenna beam of the smart antenna
used to transmit loud packets. 34. Awireless
communication system for coordinating the management
of loud packets used to estimate path loss, the system
comprising: a coordinating node; anda plurality of
wireless transmit/receive units (WTRUs), wherein the
coordinating node transmits a loud packet generation
request message, a first one of the WTRUs receives the
loud packet generation request message and transmits
at least one loud packet at a transmission power
specified by the loud packet generation request
message, and a second one of the WTRUsreceives the at
least one loud packet, determines a signal strength of
the receivedloud packet, determines a transmission
power of the received loud packet, and determines a
path loss between the first WTRU and the second WTRU
by subtracting the determined signal strength from the
determined transmission power. 35. The system of
embodiment 34 wherein the coordinating node is an
access point (AP). 36. The system of embodiment 34
wherein the first WTRUresponds to the loud packet
generation request message by transmitting a loud
packet generation response message. 37. The system of
embodiment 36 wherein the loud packet generation
response message indicates the transmission power that
the first WTRUwill use to transmit the loud packet.
38. Awireless communication system for coordinating
the management of loud packets used to estimate path
loss, the system comprising: a coordinating node; and
a plurality of wireless transmit/receive units
(WTRUs), wherein the coordinating node transmits a
loud packet generation request message, a first one of
the WTRUs receives the loud packet generation request
message and transmits at least one loud packet at a
time specified by the loud packet generation request
message, and a second one of the WTRUsreceives the at
least one loud packet, determines a signal strength of
the received loud packet, determines a transmission
power of the received loud packet, and determines a
path loss between the first WTRU and the second WTRU
by subtracting the determined signal strength from the
determined transmission power.39. The system of
embodiment 38 wherein the coordinating node is an
access point (AP). 40. The system of embodiment 38
wherein the first WTRUresponds to the loud packet
generation request message by transmitting a loud
packet generation response message. 41. The system of
embodiment 40 wherein the loud packet generation
response message indicates the transmission power that
the first WTRUwill use to transmit the loud packet.
42. Awireless transmit/receive unit (WTRU) for
estimating path loss, the WTRU comprising: a receiver
for receiving a loud packet; and a processor
electrically coupled to the receiver, the processor
being configured to determine a signal strength of the
received loud packet, a transmission power of the
received loud packet, and a path loss between the
first WTRUand the secondWTRU, wherein the path loss is
calculated by subtracting the determined signal
strength from the determined transmission power. 43.
The WTRU of embodiment 42 further comprising: a
transmitter electrically coupled to the processor, the
transmitter being configured to transmit a loud packet
generation request message. 44. The WTRU of embodiment
42 further comprising: a transmitter electrically
coupled to the processor, the transmitter being
configured to transmit a loud packet generation
response message in response to the receiver receiving
a loud packet generation request message. 45.
Awireless transmit/receive unit (WTRU) comprising: a
smart antenna configured to generate a plurality of
antenna beams for receiving and transmitting loud
packets; a receiver electrically coupled to the smart
antenna, the receiver being configured to receive a
loud packet generation request message; a processor
electrically coupled to the receiver, the processor
being configured to generate at least one loud packet
based on information in the loud packet generation
request message; anda transmitter electrically coupled
tothe processor and the smart antenna, the transmitter
being configured to transmit the at least one loud
packet using an antenna beam generated by the smart
antenna in accordance with information obtained in a
loud packet previously received via the smart antenna
and the receiver. 46. A wireless transmit/receive unit
(WTRU) comprising: a smart antenna configured to
generate a plurality of antenna beams for receiving
and transmitting loud packets; a transmitter
electrically coupled to the smart antenna, the
transmitter being configured to transmit a loud packet
generation request message; a receiver electrically
coupled to the smart antenna, the receiver being
configured to receive a plurality of loud packets; and
a processor electrically coupled to the transmitter
and the receiver, the processor being configured to
determine a path loss associated with different
antenna beams used to receive the loud packets. 47. An
integrated circuit (IC) embedded in a wireless
transmit/receive unit (WTRU) for estimating path loss,
the IC comprising: 



a receiver configured to receive a loud packet; and a
processor electrically coupled to the receiver, the
processor being configured to determine a signal
strength of the received loud packet, a transmission
power of the received loud packet, and a path loss
between the first WTRUand the second WTRU, wherein the
path loss is calculated by subtracting the determined
signal strength from the determined transmission
power. 48. The IC of embodiment 47 further comprising:
a transmitter electrically coupled to the processor,
the transmitter being configured to transmit a loud
packet generation request message. 49. The IC of
embodiment 47 further comprising: a transmitter
electrically coupled to the processor, the transmitter
being configured t otransmit a loud packet generation
response message in response to the receiver receiving
a loud packet generation request message.50. An
integrated circuit (IC) embedded in a wireless
transmit/receive unit (WTRU) having a smart antenna
configured to generate a plurality of antenna beams
for receiving and transmitting loud packets, the IC
comprising: a receiver configured to receive a loud
packet generation request message; a processor
electrically coupled to the receiver, the processor
being configured to generate at least one loud packet
based on information in the loud packet generation
request message; and a transmitter electrically
coupled to the processor, the transmitter being
configured to transmit the at least one loud packet
using an antenna beam generated by the smart antenna
in accordance with information obtained in a loud
packet previously received via the smart antenna and
the receiver. 51. An integrated circuit (IC) embedded
in a wireless transmit/receive unit (WTRU) having a
smart antenna configured to generate a plurality of
antenna beams for receiving and transmitting loud
packets, the IC comprising: a transmitter electrically
coupled to the smart antenna, the transmitter being
configured to transmit a loud packet generation
request message; a receiver electrically coupled to
the smart antenna, the receiver being configured to
receive a plurality of loud packets; and a processor
electrically coupled to the transmitter and the
receiver, the processor being configured to determine
a path loss associated with different antenna beams
used to receive the loud packets. [0063] Although the
features and elements of the present invention are
described in the preferred embodiments in particular
combinations, each feature or element can be used
alone (without the other features and elements of the
preferred embodiments) or in various combinations with
or without other features and elements of the present
invention.CLAIMS What is claimed is: 1. A method of
estimating path loss in a wireless communication
system including a plurality of wireless
transmit/receive units (WTRUs), the method comprising:
a first one of the WTRUs transmitting a loud packet; a
second one of the WTRUs receiving the loud packet; the
second WTRUdetermining a signal strength of the
received loud packet; the secondWTRUdetermining a
transmission power of the receivedloud packet; and the
second WTRU determining a path loss between the first
WTRU and the second WTRU by subtracting the determined
signal strength from the determined transmission
power. 2. The method of claim 1wherein the
transmission power is indicated in an information
field comprised by the loud packet. 3. The method of
claim 1 wherein the wireless communication system
further includes an access point (AP), and the
transmission power is periodically broadcast by an
access point (AP) includes a field containing the
first WTRU's maximum transmission power. 4. The method
of claim 1 wherein the wireless communication system
further includes an access point (AP), and the
transmission power is indicated the second WTRUwhen
the second WTRU upon association to the AP. 5. The
method of claim 1 wherein the loud packet includes an
information field which indicates the maximum
transmission power of the first WTRU.6. The method of
claim 1 wherein the loud packet includes an
information field including an identifier which
identifies the first WTRU. 7. The method of claim 6
wherein the identifier is a medium access control
(MAC) address. 8. The method of claim 1wherein the
loud packet comprises an IEEE 802.11 signaling frame.
9. The method of claim 1 further comprising:
piggybacking the loud packet to another type of
packet. 10. A method of coordinating the management of
loud packets used to estimate path loss in a wireless
communication system including a plurality of wireless
transmit/receive units (WTRUs) and a coordinating
node, the method comprising: the coordinating node
transmitting a loud packet generation request message;
a first one of the WTRUs receiving the loud packet
generation request message; the first WTRU
transmitting at least one loud packet at a
transmission power specified by the loud packet
generation request message; a second one of the WTRUs
receiving the at least one loud packet; the second
WTRU determining a signal strength of the received
loud packet; the second WTRUdetermining a transmission
power of the received loud packet; and the second WTRU
determining a path loss between the first WTRU and the
second WTRU by subtracting the determined signal
strength from the determined transmission power. 11.
The method of claim 10 wherein the coordinating node
is an access point (AP).12. The method of claim 10
further comprising: the first WTRU responding to the
loud packet generation request message by transmitting
a loud packet generation response message. 13. The
method of claim 12 wherein the loud packet generation
response message indicates the transmission power that
the first WTRUwill use totransmit the loud packet. 14.
A method of coordinating the management of loud
packets used to estimate path loss in a wireless
communication system including a plurality of wireless
transmit/receive units (WTRUs) and a coordinating
node, the method comprising: the coordinating node
transmitting a loud packet generation request message;
a first one of the WTRUs receiving the loud packet
generation request message; the first WTRU
transmitting at least one loud packet including
information specified by the loud packet generation
request message; a second one of the WTRUs receiving
the at least one loud packet; the second WTRU
determining a signal strength of the received loud
packet; the secondWTRUdetermining a transmission power
of the receivedloud packet based on the information
included in the loud packet; and the second WTRU
determining a path loss between the first WTRU and the
second WTRU by subtracting the determined signal
strength from the determined transmission power. 15.
The method of claim 14 wherein the coordinating node
is an access point (AP).16. The method of claim 14
further comprising: the first WTRU responding to the
loud packet generation request message by transmitting
a loud packet generation response message. 17. The
method of claim 16 wherein the loud packet generation
response message indicates the transmission power that
the first WTRUwill use totransmit the loud packet. 18.
A method of coordinating the management of loud
packets used to estimate path loss in a wireless
communication system including a plurality of wireless
transmit/receive units (WTRUs) and a coordinating
node, the method comprising: the coordinating node
transmitting a loud packet generation request message;
a first one of the WTRUsreceiving the loud packet
generation request message; the first WTRUtransmitting
at least one loud packet at a time specified by the 



loud packet generation request message; a second one
of the WTRUs receiving the at least one loud packet;
the second WTRU determining a signal strength of the
received loud packet; the secondWTRUdetermining a
transmission power of the received loud packet; and
the second WTRU determining a path loss between the
first WTRU and the second WTRU by subtracting the
determined signal strength from the determined
transmission power. 19. The method of claim 18 wherein
the coordinating node is an access point (AP). 20. The
method of claim 18 further comprising: the first WTRU
responding to the loud packet generation request
message by transmitting a loud packet generation
response message.21. The method of claim 20 wherein
the loud packet generation response message indicates
the transmission power that the first WTRUwill use
totransmit the loud packet. 22. A method of
coordinating the management of loud packets used to
estimate path loss in a wireless communication system
including a plurality of wireless transmit/receive
units (WTRUs), the method comprising: a first one of
the WTRUs transmitting a loud packet generation
request message; a second one of the WTRUs receiving
the loud packet generation request message; the
secondWTRUtransmitting at least one loud packet at a
transmission power specified by the loud packet
generation request message; a third one of the WTRUs
receiving the at least one loud packet; the third WTRU
determining a signal strength of the received loud
packet; the third WTRUdetermining a transmission power
of the received loud packet; and the third WTRU
determining a path loss between the second WTRU and
the third WTRU by subtracting the determined signal
strength from the determined transmission power. 23.
The method of claim 22 further comprising: the
secondWTRUresponding tothe loud packet generation
request message by transmitting a loud packet
generation response message. 24. The method of claim
23 wherein the loud packet generation response message
indicates the transmission power that the
secondWTRUwill use to transmit the loud packet.25. A
method of coordinating the management of loud packets
used to estimate path loss in a wireless communication
system including a plurality of wireless
transmit/receive units (WTRUs), the method comprising:
a first one of the WTRUs transmitting a loud packet
generation request message; a second one of the WTRUs
receiving the loud packet generation request message;
the second WTRU transmitting at least one loud packet
including information specified by the loud packet
generation request message; a third one of the WTRUs
receiving the at least one loud packet; the third WTRU
determining a signal strength of the received loud
packet; the third WTRU determining a transmission
power of the received loud packet based on the
information included in the loud packet; and the third
WTRU determining a path loss between the second WTRU
and the third WTRU by subtracting the determined
signal strength from the determined transmission
power. 26. The method of claim 25 further comprising:
the secondWTRUresponding tothe loud packet generation
request message by transmitting a loud packet
generation response message. 27. The method of claim
26 wherein the loud packet generation response message
indicates the transmission power that the second
WTRUwill use totransmit the loud packet. 28. A method
of coordinating the management of loud packets used to
estimate path loss in a wireless communication system
including a plurality of wireless transmit/receive
units (WTRUs), the method comprising:a first one of
the WTRUs transmitting a loud packet generation
request message; a second one of the WTRUs receiving
the loud packet generation request message; the second
WTRU transmitting at least one loud packet at a time
specified by the loud packet generation request
message; a third one of the WTRUs receiving the at
least one loud packet; the third WTRU determining a
signal strength of the received loud packet; the third
WTRUdetermining a transmission power of the received
loud packet; and the third WTRU determining a path
loss between the second WTRU and the third WTRU by
subtracting the determined signal strength from the
determined transmission power. 29. The method of claim
28 further comprising: the secondWTRUresponding tothe
loud packet generation request message by transmitting
a loud packet generation response message. 30. The
method of claim 29 wherein the loud packet generation
response message indicates the transmission power that
the secondWTRUwill use to transmit the loud packet.
31. In a wireless communication system including a
plurality of wireless transmit/receive units (WTRUs),
eachWTRUcomprising a smart antenna, a method of
coordinating the management of loud packets used to
estimate path loss, the method comprising: a first one
of the WTRUs receiving a loud packet generation
request message which specifies a particular antenna
beam of the smart antenna tobe used totransmit loud
packets;the first WTRU transmitting at least one loud
packet using the particular antenna beam specified by
the loud packet generation request message; a second
one of the WTRUs receiving the at least one loud
packet; the second WTRUdetermining a signal strength
of the received loud packet; the secondWTRUdetermining
a transmission power of the receivedloud packet; and
the second WTRU determining a path loss between the
first WTRU and the second WTRU by subtracting the
determined signal strength from the determined
transmission power. 32. The method of claim 31 further
comprising: the second WTRU determining a path loss
for each antenna beam of the smart antenna used to
receive loud packets. 33. The method of claim 31
further comprising: the first WTRU determining a path
loss for each antenna beam of the smart antenna used
to transmit loud packets. 34. A wireless communication
system for coordinating the management of loud packets
used to estimate path loss, the system comprising: a
coordinating node; and a plurality of wireless
transmit/receive units (WTRUs), wherein the
coordinating node transmits a loud packet generation
request message, a first one of the WTRUs receives the
loud packet generation request message and transmits
at least one loud packet at a transmission power
specified by the loud packet generation request
message, and a second one of the WTRUs receives the at
least one loud packet, determines a signal strength of
the received loud packet, determines a transmission
power of the received loud packet, and determines a
path loss between the first WTRUand the second WTRU by
subtracting the determined signal strength from the
determined transmission power. 35. The system of claim
34 wherein the coordinating node is an access point
(AP). 36. The system of claim 34 wherein the first
WTRU responds to the loud packet generation request
message by transmitting a loud packet generation
response message. 



37. The system of claim 36 wherein the loud packet
generation response message indicates the transmission
power that the first WTRUwill use totransmit the loud
packet. 38. A wireless communication system for
coordinating the management of loud packets used to
estimate path loss, the system comprising: a
coordinating node; and a plurality of wireless
transmit/receive units (WTRUs), wherein the
coordinating node transmits a loud packet generation
request message, a first one of the WTRUs receives the
loud packet generation request message and transmits
at least one loud packet at a time specified by the
loud packet generation request message, and a second
one of the WTRUs receives the at least one loud
packet, determines a signal strength of the received
loud packet, determines a transmission power of the
receivedloud packet, and determines a path loss
between the first WTRU and the second WTRU by
subtracting the determined signal strength from the
determined transmission power. 39. The system of claim
38 wherein the coordinating node is an access point
(AP).40. The system of claim 38 wherein the first WTRU
responds to the loud packet generation request message
by transmitting a loud packet generation response
message. 41. The system of claim 40 wherein the loud
packet generation response message indicates the
transmission power that the first WTRUwill use
totransmit the loud packet. 42. A wireless
transmit/receive unit (WTRU) for estimating path loss,
the WTRU comprising: a receiver for receiving a loud
packet; and a processor electrically coupled tothe
receiver, the processor being configured to determine
a signal strength of the received loud packet, a
transmission power of the received loud packet, and a
path loss between the first WTRUand the second WTRU,
wherein the path loss is calculated by subtracting the
determined signal strength from the determined
transmission power. 43. The WTRU of claim 42 further
comprising: a transmitter electrically coupled to the
processor, the transmitter being configured to
transmit a loud packet generation request message. 44.
The WTRU of claim 42 further comprising: a transmitter
electrically coupled to the processor, the transmitter
being configured to transmit a loud packet generation
response message in response to the receiver receiving
a loud packet generation request message. 45.
Awireless transmit/receive unit (WTRU) comprising: a
smart antenna configured to generate a plurality of
antenna beams for receiving and transmitting loud
packets;a receiver electrically coupled to the smart
antenna, the receiver being configured to receive a
loud packet generation request message; a processor
electrically coupled tothe receiver, the processor
being configured to generate at least one loud packet
based on information in the loud packet generation
request message; and a transmitter electrically
coupled to the processor and the smart antenna, the
transmitter being configured totransmit the at least
one loud packet using an antenna beam generated by the
smart antenna in accordance with information obtained
in a loud packet previously received via the smart
antenna and the receiver. 46. Awireless
transmit/receive unit (WTEU) comprising: a smart
antenna configured to generate a plurality of antenna
beams for receiving and transmitting loud packets; a
transmitter electrically coupled to the smart antenna,
the transmitter being configured to transmit a loud
packet generation request message; a receiver
electrically coupled to the smart antenna, the
receiver being configured to receive a plurality of
loud packets; and a processor electrically coupled
tothe transmitter and the receiver, the processor
being configured to determine a path loss associated
with different antenna beams used to receive the loud
packets. 47. An integrated circuit (IG) embedded in a
wireless transmit/receive unit (WTRU) for estimating
path loss, the IC comprising: a receiver configured to
receive a loud packet; and a processor electrically
coupled tothe receiver, the processor being configured
to determine a signal strength of the received loud
packet, a transmission power of the received loud
packet, and a path loss between the first WTRU and the
second WTRU, wherein the path loss is calculated by
subtracting the determined signal strength from the
determined transmission power.48. The IC of claim 47
further comprising: a transmitter electrically coupled
to the processor, the transmitter being configured to
transmit a loud packet generation request message. 49.
The IC of claim 47 further comprising: a transmitter
electrically coupled to the processor, the transmitter
being configured to transmit a loud packet generation
response message in response to the receiver receiving
a loud packet generation request message. 50. An
integrated circuit (IC) embedded in a wireless
transmit/receive unit (WTRU) having a smart antenna
configured to generate a plurality of antenna beams
for receiving and transmitting loud packets, the IC
comprising: a receiver configured to receive a loud
packet generation request message; a processor
electrically coupled tothe receiver, the processor
being configured to generate at least one loud packet
based on information in the loud packet generation
request message; and a transmitter electrically
coupled to the processor, the transmitter being
configured to transmit the at least one loud packet
using an antenna beam generated by the smart antenna
in accordance with information obtained in a loud
packet previously received via the smart antenna and
the receiver. 51. An integrated circuit (IC) embedded
in a wireless transmit/receive unit (WTRU) having a
smart antenna configured to generate a plurality of
antenna beams for receiving and transmitting loud
packets, the IC comprising: a transmitter electrically
coupled to the smart antenna, the transmitter being
configured to transmit a loud packet generation
request message; a receiver electrically coupled to
the smart antenna, the receiver being configured to
receive a plurality of loud packets; anda processor
electrically coupled tothe transmitter and the
receiver, the processor being configured to determine
a path loss associated with different antenna beams
used to receive the loud packets. 


