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(7) ABSTRACT

The present invention relates to the field of nephrology.
More specifically, the present invention provides methods
and compositions useful for more precisely estimating glom-
erular filtration rate (GFR). In a specific embodiment, a
method for calculating the estimated glomerular filtration
rate (eGFR) in a patient comprises the steps of (a) measuring
the level of one or more metabolites using mass spectrom-
etry from a blood sample obtained from the patient; and (b)
calculating the eGFR using an algorithm that utilizes the
measured levels of the one or more metabolites.
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PRECISE ESTIMATION OF GLOMERULAR
FILTRATION RATE FROM MULTIPLE
BIOMARKERS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Application No. 62/037,647, filed Aug. 15, 2014,
which is incorporated herein by reference in its entirety.

STATEMENT OF GOVERNMENTAL INTEREST

[0002] This invention was made with government support
under grant nos. RO1DK097020, 5U01 DKO067651, and
1R21 DK67651, all of which were awarded by the National
Institutes of Health. The government has certain rights in the
invention.

FIELD OF THE INVENTION

[0003] The present invention relates to the field of neph-
rology. More specifically, the present invention provides
methods and compositions useful for more precisely esti-
mating glomerular filtration rate (GFR).

BACKGROUND OF THE INVENTION

[0004] The diagnosis, classification, prognosis and quan-
tification of progression of chronic kidney disease (CKD)
rely heavily on estimation of glomerular filtration rate
(eGFR) as a measure of kidney function. Direct measure-
ment of GFR relying on exogenous filtration markers
(mGFR) is used infrequently due to its complexity, including
injection of an exogenous filtration marker. Current recom-
mendations are therefore to use an equation including serum
creatinine and covariates to estimate the GFR for most
clinical and research situations. The most accurate equation
for general use is the CKD Epidemiology Collaboration
creatinine (CKD-EPI eGFRcr) equation published in 2009,
and this is recommended by Kidney Disease International
Global Outcomes (KDIGO) Guidelines for Chronic Kidney
Disease. This equation has a 1-P30 of 15.9% (errors of more
than 30% from the gold standard mGFR) and root mean
square error of log GFR (RMSE) of 0.20, and includes
demographic variables to take into account the non-GFR
influences of age, sex and race on creatinine generation.
Subsequent work by the CKD-EPI showed that addition of
serum cystatin C to calculate eGFRcr-cys could improve
precision and accuracy to 1-P30 of 8.5% in a population
where CKD-EPI eGFRer has 1-P30 of 12.8%. This demon-
strated that while measures of precision and accuracy vary
across populations, they can be improved by using two
analytes. However, adoption of cystatin C has been slow and
even this level of precision is not optimal for clinical
decision making in some circumstances.

[0005] While direct GFR measurements (mGFR) are con-
sidered the gold standard, they still contain substantial
imprecision. For example, in the African-American Study of
Kidney Disease and Hypertension (AASK) study, two mea-
surements of GFR using urinary clearance of I'*° Iothala-
mate made an average of 62 days apart had 1-P30 of 8.0%,
meaning 8.0% of the measurements were outside 30% of the
initial reference mGFR. In linear regression, precision of
estimation is usually measured using the root mean square
error (RMSE) which is the standard deviation of the residu-
als. In the AASK study, RMSE of a regression of the second
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vs. first mGFR is 0.146 on the log scale. If residuals are
normally distributed, approximately 5% of the errors are
outside +/-1.96*RMSE which for mGFR is +1-0.286 on the
log scale (approximately +/-28.6%). Random error in
mGFR does not bias regression equations to estimate GFR
since regression assumes the dependent variable contains
error. In contrast, estimates of the precision and accuracy
with which eGFR predicts the true underlying GFR (tGFR)
are inflated when mGFR has error since these estimates
typically assume the gold standard is measured without
error. Random error can be reduced by averaging multiple
mGFRs obtaining a closer estimate of the true GFR.

[0006] Current attempts to more accurately estimate GFR
remain imprecise with better estimates needed in multiple
clinical setting. The need is particularly acute when current
estimates are biased, such as abnormal muscle mass (e.g.
wasting due to disease, amputation of a limb, obesity) or
altered creatinine metabolism (e.g. creatine supplements,
altered creatinine secretion in the kidney). Therefore, it is
important that improved estimates be developed and vali-
dated with gold standard measured GFR, rather than surro-
gates such as estimated GFR by creatinine. For example, in
International Application No. PCT/US/2014/037762 and
U.S. Pat. No. 6,610,502, GFR was never directly measured
in establishing estimated GFR. Thus, the methods described
therein can only estimate “estimated” GFR. Accordingly,
new methods are needed to more precisely estimate GFR.

SUMMARY OF THE INVENTION

[0007] The present invention is based, at least in part, on
the development of a panel of multiple markers based on a
single blood draw to provide a precise estimate of GFR
(eGFR). Current recommendations for estimating GFR call
for the use of an equation that utilizes serum creatinine and
covariates (age, sex, race in the most rigorously validated
CKD-EPI 2009 equation). Direct measurement of GFR
relying on exogenous filtration markers is used infrequently
due to the requirement of several hours and collection of
multiple blood or urine samples and use tracers, sometimes
radioactive. The present invention provides a precise esti-
mate of GFR (eGFR) based on multiple biomarkers in a
single blood draw with excellent precision and validity in
estimating GFR measured using gold standard methods
which include injection of an exogenous filtration marker.

[0008] The precise estimated GFR (eGFR) is developed to
estimate GFR itself (kidney function) based on gold stan-
dard GFR measurements (mGFR). Precision is enhanced by
using mGFR on multiple occasions to better estimate the
true underlying average GFR (tGFR). GFR estimates based
on mGFR are superior to estimates based on creatinine
clearance (which is biased) or GFR estimates (eGFR) based
on other markers which are surrogates themselves. A table of
biomarkers, with specific emphasis on metabolites, is pro-
vided each of which provides similar or better estimate of
GFR than serum creatinine, the most widely used biomarker
for GFR. A combination of the markers (precise panel
eGFR) provides dramatically improved precision and valid-
ity compared to estimates based on serum creatinine or even
cystatin C. Algorithms for combining the markers which
optimize prediction are also provided and evaluated using
multiple measures of precision and validity (RMSE, 1-P30,
1-P20, 1-P10, AUC, sensitivity and specificity) documenting
marked improvement over the current clinical standard.
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[0009] Accordingly, in one aspect, the present invention
provides methods for calculating an estimated GFR (eGFR)
in a patient. In a specific embodiment, a method for calcu-
lating the estimated glomerular filtration rate (eGFR) in a
patient comprises the steps of (a) measuring the level of one
or more metabolites using mass spectrometry from a blood
sample obtained from the patient; and (b) calculating the
eGFR using an algorithm that utilizes the measured levels of
the one or more metabolites. In particular embodiments, the
algorithm is developed using GFR measured (mGFR) using
an exogenous filtration marker. Filtration markers used in
mGFR include, but are not limited to, inulin, iothalamate
and ichexol.

[0010] The one or more metabolites can comprise any
combination of a metabolite described in Tables 2-13. In a
specific embodiment, the one or more metabolites comprise
one or more of X-11564. C-glycosyltryptophan, p-cresol
sulfate, myo-inositol, X-02249, and pseudouridine. In
another embodiment, the one or more metabolites comprise
one or more of creatinine and X-11564, C-glycosyltrypto-
phan, 1-methylhistidine, leucine, and 1-myristoylglycero-
phosphocholine (14:0). In yet another embodiment, the one
or more metabolites comprise one or more of C-glycosyl-
tryptophan, myo-inositol, pseudouridine, N-acetyl-1-meth-
ylhistidine, and phenylacetylglutamine.

[0011] The one or more metabolites can also comprise one
or more of creatinine, C-glycosyltryptophan, pseudouridine,
myo-inositol, and phenylacetylglutamine. In another
embodiment, the one or more metabolites comprise one or
more of X-11564, C-glycosyltryptophan, pseudouridine.
X-17299, N-acetylthreonine. N-acetylserine, erythritol, ara-
bitol, urea, and X-16394. In yet another specific embodi-
ment, the one or more metabolites comprise one or more of
X-11564, C-glycosyltryptophan, pseudouridine, X-17299,
and N-acetylthreonine. In another embodiment, the one or
more metabolites comprise one or more of C-glysyltrypto-
phan*, pseudouridine. N-acetyl-threonine, N-acetylserine,
and erythritol.

[0012] In particular embodiments, the one or more
metabolites comprise one or more of valine, tyrosine,
4-methyl-2-oxopentanoate, glycerophosphorylcholine
(GPC), uridine, threonine, X-19380, X-19411, tryptophan,
X-11564, C-glycosyltryptophan*, pseudouridine, X-17299,
N-acetylthreonine, N-acetylserine, erythritol, arabitol, urea,
X-16394, X-11423, crythronate*, creatinine, myo-inositol,

Né6-carbamoylthreonyladenosine,  X-12749,  X-12104,
N-acetylalanine, N2,N2-dimethylguanosine, 4-acetami-
dobutanoate, X-11945, 1-methylhistidine, arabonate,

N-formylmethionine, 2-hydroxyisobutyrate, xylonate, suc-
cinylcarnitine, N-acetylneuraminate, X-12686, N-acetyl-1-
methylhistidine®, homocitrulline, X-17703, X-11444, thre-
itol, X-18887, X-12846, p-cresol sulfate,
3-methylglutarylcarnitine  (C6), N-Methyl-2-pyridone-5-
carboxamide, glutarylcarnitine (C5). X-16982, isobutyryl-
carnitine, 3-indoxyl sulfate, X-17357, galactitol (dulcitol),
X-12822, X-13837, X-02249, X-12411, X-13844, kynure-
nine, X-12007, X-13553, X-12125, N2,N5-diacetylornith-
ine, O-methylcatechol sulfate, X-13835, X-12729, X-12814,
leucine, and 1-myristoylglycerophosphocholine (14:0),
betaine, 2-hydroxybutyrate (AHB), and X-18914.

[0013] In certain embodiments, the algorithm further uti-
lizes serum creatinine levels. In another embodiment, the
algorithm further utilizes serum cystatin C levels. The
algorithm can further utilize one or more demographic
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parameters selected from the group consisting of age, sex
and race. In a specific embodiment, the algorithm further
utilizes one or more of serum creatinine levels, serum
cystatin C levels, age, sex and race. In particular embodi-
ments of the present invention, the algorithm is a linear
model. In certain embodiment, the algorithm is a non-linear
model.

[0014] The present invention also provides a method for
calculating the estimated GFR in a patient comprising the
steps of (a) measuring the level of one or more metabolites
using mass spectrometry from a blood sample obtained from
the patient, wherein the one or more metabolites comprise
X-11564, C-glycosyltryptophan, pseudouridine, X-17299,
and N-acetylthreonine; and (b) calculating the estimated
GFR using an algorithm that utilizes the measured levels of
the metabolites and one or more of serum creatinine levels,
serum cystatin C levels, age, sex and race. In another
specific embodiment, a method for calculating the estimated
GFR in a patient comprises the steps of (a) measuring the
level of one or more metabolites from a blood sample
obtained from the patient, wherein the one or more metabo-
lites comprise X-11564, C-glycosyltryptophan, pseudouri-
dine, X-17299, and N-acetylthreonine; and (b) calculating
the estimated GFR using an algorithm that utilizes the
measured levels of the metabolites and one or more of serum
creatinine levels, serum cystatin C levels, age, sex and race.
The measuring step can be performed using mass spectrom-
etry. In a specific embodiment, the measuring step is per-
formed using high performance liquid chromatography fol-
lowed by multiple reaction monitoring (MRM) mass
spectrometry techniques. In particular embodiments, a cock-
tail of standards is added into every analyzed sample to
allow for instrument performance monitoring. In another
embodiment, the measuring step is performed using an
immunoassay.

[0015] The present invention also provides a method for
determining the estimated GFR in a patient comprising the
step of calculating the estimated GFR using an algorithm
that utilizes the measured levels of one or more metabolite
biomarkers and one or more of serum creatinine levels,
serum cystatin C levels, age, sex and race, wherein the
metabolite biomarkers comprise X-11564. C-glycosyltryp-
tophan, pseudouridine, X-17299, and N-acetylthreonine,
and further wherein the metabolite biomarkers are measured
from a blood sample obtained from the patient.

[0016] In particular embodiments, the algorithm is devel-
oped using GFR measured (mGFR) using an exogenous
filtration marker. The algorithm can be a linear or non-linear
model. In a specific embodiment, the algorithm is a stepwise
regression model.

BRIEF DESCRIPTION OF THE FIGURES

[0017] FIG. 1. Histogram of correlations with average
measured GFR for 780 metabolites. Line shows the expec-
tation under the null hypothesis.

DETAILED DESCRIPTION OF THE
INVENTION

[0018] It is understood that the present invention is not
limited to the particular methods and components, etc.,
described herein, as these may vary. It is also to be under-
stood that the terminology used herein is used for the
purpose of describing particular embodiments only, and is
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not intended to limit the scope of the present invention. Tt
must be noted that as used herein and in the appended
claims, the singular forms “a.” “an,” and “the” include the
plural reference unless the context clearly dictates other-
wise. Thus, for example, a reference to a “protein” is a
reference to one or more proteins, and includes equivalents
thereof known to those skilled in the art and so forth.
[0019] Unless defined otherwise, all technical and scien-
tific terms used herein have the same meaning as commonly
understood by one of ordinary skill in the art to which this
invention belongs. Specific methods, devices, and materials
are described, although any methods and materials similar or
equivalent to those described herein can be used in the
practice or testing of the present invention.

[0020] All publications cited herein are hereby incorpo-
rated by reference including all journal articles, books,
manuals, published patent applications, and issued patents.
In addition, the meaning of certain terms and phrases
employed in the specification, examples, and appended
claims are provided. The definitions are not meant to be
limiting in nature and serve to provide a clearer understand-
ing of certain aspects of the present invention.

[0021] It is understood that when combinations, subsets,
groups, etc., of these metabolite biomarkers are disclosed
that while specific reference of each various individual and
collective combinations and permutation of these metabo-
lites may not be explicitly disclosed, each is specifically
contemplated and described herein. For example, if a par-
ticular metabolite is disclosed, each and every possible
combination of that metabolite with all the other metabolites
disclosed is specifically contemplated unless specifically
indicated to the contrary. Thus, if a class of molecules A, B,
and C are disclosed as well as a class of molecules D, E, and
F and an example of a combination molecule, A-D is
disclosed, then even if each is not individually recited each
is individually and collectively contemplated meaning com-
binations, A-E, A-F, B-D, B-E, B-F, C-D, C-E, and C-F are
considered disclosed. Likewise, any subset or combination
of these 1s also disclosed. Thus, for example, the sub-group
of A-E, B-F, and C-E would be considered disclosed. This
concept applies to all aspects of this application.

[0022] The present invention provides methods for precise
estimation of GFR. Combinations of multiple blood analytes
based on a blood draw can lead to a precise estimate of GFR
(eGFR) of better precision than the current clinically used
measures (cGFR using serum creatinine or even combined
with serum cystatin C) and comparable (possibly better
precision) than single measures of GFR (mGFR) using
injection of exogenous substances. These methods can be
tested in a range of clinical settings and using different
measurement platforms to create new tests based on a blood
measure of comparable or better precision to GFR measure-
ments based on the gold standard clearance of exogenously
injected filtration markers.

[0023] These new, more precise estimates of GFR can
improve the diagnosis, classification, prognostication, risk
assessement and guide to therapy for many individuals
where current methods are inadequate. In addition, more
precise estimates will lead to more accurate dosing of
molecules (drugs and contrast agents) cleared by the kidney
which can reduce subsequent toxicity and complications.
These new, more precise estimates can improve precision of
detecting progression of kidney disease, improving clinical
care and drug development.
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[0024] As described herein, a number of analytes have
stronger negative correlation with kidney function than
serum creatinine providing excellent use for improving the
current estimates of kidney function (pseudouridine,
N-acetylthreonine, N-acetylserine, erythritol, arabitol and
erythronate; metabolites measureable but only known by
their precise mass spectrographic characteristics but
unnamed: X-11564, X-17299, X-16394, X-11423; metabo-
lites known to be associated with kidney function but
precision was uncertain: C-glycosyltryptophan; metabolites
often used in estimating GFR: creatinine and urea).

[0025] A number of analytes have a strong positive cor-
relation with kidney function. They can be used to improve
detection deficiencies and adverse metabolic alterations
when kidney function is low (strongest correlates include
valine, tyrosine, 4-methyl-2-oxopentanoate, glycerophos-
phorylcholine (GPC), uridine, threonine and tryptophan;
metabolites measureable but only known by their precise
mass spectrographic characteristics but unnamed: X-19380,
X-19411; less strongly correlated but selected by stepwise
regression as useful in improving eGFR are: leucine,
1-myristoylglycerophosphocholine (14:0)).

[0026] As further described herein, different algorithms
can be used to combine the markers, all of which improve
on the current clinical standard eGFRcr. This allows for
flexibility which can reduce susceptibility to error when
specific factors influencing any one metabolite are present
(e.g., reduced muscle mass leading to eGFRer which is
biased towards high values missing cases of kidney disease
or its progression). eGFR can be calculated using a one-step
algorithm or individual estimates from each metabolite, or
group of metabolites, and then these can be combined using
robust methods which average while down weighting outlier
values which may be unreliable in the individual.

1. Definitions

29 <t

[0027] The terms “patient,” “individual,” or “subject” are
used interchangeably herein, and refer to a mammal, par-
ticularly, a human. The patient may have a mild, interme-
diate or severe disease or condition. The patient may be an
individual in need of treatment or in need of diagnosis based
on particular symptoms or family history. In some cases, the
terms may refer to treatment in experimental animals, in
veterinary application, and in the development of animal
models for disease, including, but not limited to, rodents
including mice, rats, and hamsters; and primates.

[0028] The terms “measuring” and “determining” are used
interchangeably throughout, and refer to methods which
include obtaining or providing a patient sample and/or
detecting the level of a metabolite biomarker(s) in a sample.
In one embodiment, the terms refer to obtaining or providing
a patient sample and detecting the level of one or more
metabolite biomarkers in the sample. In another embodi-
ment, the terms “measuring” and “determining” mean
detecting the level of one or more metabolite biomarkers in
a patient sample. The term “measuring” is also used inter-
changeably throughout with the term “detecting.” In certain
embodiments, the term is also used interchangeably with the
term “quantitating.”

[0029] The terms “sample,” “patient sample,” “biological
sample,” and the like, encompass a variety of sample types
obtained from a patient, individual, or subject and can be
used in a diagnostic or monitoring assay. In particular
embodiments, the patient sample may be obtained from a
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healthy subject, a diseased patient or a patient having
associated symptoms of CKD. Moreover, a sample obtained
from a patient can be divided and only a portion may be used
for diagnosis. Further, the sample, or a portion thereof, can
be stored under conditions to maintain sample for later
analysis. The definition specifically encompasses blood and
other liquid samples of biological origin (including, but not
limited to, peripheral blood, serum, plasma, cord blood,
amniotic fluid, cerebrospinal fluid, urine, saliva, stool and
synovial fluid), solid tissue samples such as a biopsy speci-
men or tissue cultures or cells derived therefrom and the
progeny thereof. In a specific embodiment, a sample com-
prises a blood sample. In another embodiment, a sample
comprises a plasma sample. In yet another embodiment, a
serum sample is used.

[0030] The definition of “sample” can also include, in
certain embodiments, samples that have been manipulated in
any way after their procurement, such as by centrifugation,
filtration, precipitation, dialysis, chromatography, treatment
with reagents, washed, or enriched for certain cell popula-
tions. The terms further encompass a clinical sample, and
also include cells in culture, cell supernatants, tissue
samples, organs, and the like.

[0031] As used herein, the term “antibody” is used in
reference to any immunoglobulin molecule that reacts with
a specific antigen. It is intended that the term encompass any
immunoglobulin (e.g., IgG, IgM, IgA, IgE, IgD, etc.)
obtained from any source (e.g., humans, rodents, non-human
primates, caprines, bovines, equines, ovines, etc.). Specific
types/examples of antibodies include polyclonal, monoclo-
nal, humanized, chimeric, human, or otherwise-human-suit-
able antibodies. “Antibodies” also includes any functional,
antigen-binding fragment or derivative of any of the herein
described antibodies.

[0032] As used herein, the term “antigen” is generally
used in reference to any substance that is capable of reacting
with an antibody. More specifically, as used herein, the term
“antigen” refers to a metabolite described herein. An antigen
can also refer to a synthetic peptide, polypeptide, protein or
fragment of a polypeptide or protein, or other molecule
which elicits an antibody response in a subject, or is recog-
nized and bound by an antibody.

[0033] As used herein, the term “biomarker” refers to a
molecule that is associated either quantitatively or qualita-
tively with a biological change. Examples of biomarkers
include metabolites, polypeptides, proteins or fragments of
a polypeptide or protein; and polynucleotides, such as a gene
product, RNA or RNA fragment. In certain embodiments, a
“biomarker” means a compound that is differentially present
(i.e., increased or decreased) in a biological sample from a
subject or a group of subjects having a first phenotype (e.g.,
having a disease or condition) as compared to a biological
sample from a subject or group of subjects having a second
phenotype (e.g., not having the disease or condition or
having a less severe version of the disease or condition). A
biomarker may be differentially present at any level, but is
generally present at a level that is increased by at least 5%,
by at least 10%, by at least 15%, by at least 20%, by at least
25%, by at least 30%, by at least 35%, by at least 40%, by
at least 45%, by at least 50%, by at least 55%, by at least
60%, by at least 65%, by at least 70%, by at least 75%, by
at least 80%, by at least 85%, by at least 90%, by at least
95%, by at least 100%, by at least 110%, by at least 120%/0,
by at least 130%, by at least 140%/0, by at least 150%, or

Sep. 28,2017

more, or is generally present at a level that is decreased by
at least 5%, by at least 10%, by at least 15%, by at least 20%,
by at least 25%, by at least 30%, by at least 35%, by at least
40%, by at least 45%, by at least 50%, by at least 55%, by
at least 60%, by at least 65%, by at least 70%, by at least
75%, by at least 80%, by at least 85%, by at least 90%, by
at least 95%, or by 100% (i.e., absent). A biomarker is
preferably differentially present at a level that is statistically
significant (e.g., a p-value less than 0.05 and/or a g-value of
less than 0.10 as determined using, for example, either
Welch’s T-test or Wilcoxon’s rank-sum Test). Biomarker
levels can be used, in conjunction with other parameters
(e.g., creatinine, cystatin and/or other demographics (e.g.,
age, race, sex)) to calculate estimated GFR in a patient.

[0034] In certain embodiments, the terms “comparing” or
“comparison” can refer to making an assessment of how the
level or proportion of one or more biomarkers in a sample
from a patient relates to the level or proportion of the
corresponding one or more biomarkers in a standard or
control sample. For example, “comparing” may refer to
assessing whether the level or proportion of one or more
biomarkers in a sample from a patient is the same as, more
or less than, or different from the level or proportion of the
corresponding one or more biomarkers in standard or control
sample. More specifically, the term may refer to assessing
whether the level or proportion of one or more biomarkers
in a sample from a patient is the same as, more or less than,
different from or otherwise corresponds (or not) to the level
or proportion of predefined biomarker levels/ratios that
correspond to a particular disease, disorder or condition. In
another embodiment, the terms “comparing” or “compari-
son” refers to making an assessment of how the level or
proportion of one or more biomarkers in a sample from a
patient relates to the level or proportion of another bio-
marker in the same sample. For example, a ratio of one
biomarker to another from the same patient sample can be
compared. Ratios of metabolite biomarkers can be compared
to other ratios in the same sample or to predefined reference
or control ratios.

[0035] As used herein, the terms “indicates” or “corre-
lates” (or “indicating” or “correlating.” or “indication” or
“correlation,” depending on the context) can mean that the
patient has a particular eGFR. In specific embodiments, a
particular set or pattern of the amounts of one or more
metabolite biomarkers (and other parameters (e.g., creati-
nine, cystatin and/or other demographics (e.g., age, race,
sex)) may be correlated to an estimated GFR. In certain
embodiments. “indicating.” or “correlating.” as used accord-
ing to the present invention, may comprise any linear or
non-linear method of quantifying the relationship among
levels/ratios of biomarkers and other parameters (e.g., crea-
tinine, cystatin, and/or demographics) for the estimation of
GFR.

[0036] Various methodologies of the instant invention can
include a step that involves comparing a value, level,
feature, characteristic, property, etc. to a “suitable control,”
referred to interchangeably herein as an “appropriate con-
trol,” a “control sample,” a “reference” or simply a “con-
trol.” A “suitable control,” “appropriate control,” “control
sample,” “reference” or a “control” is any control or stan-
dard familiar to one of ordinary skill in the art useful for
comparison purposes. A “reference level” of a biomarker
may be an absolute or relative amount or concentration of
the biomarker, a presence or absence of the biomarker, a
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range of amount or concentration of the biomarker, a mini-
mum and/or maximum amount or concentration of the
biomarker, a mean amount or concentration of the bio-
marker, and/or a median amount or concentration of the
biomarker; and, in addition. “reference levels” of combina-
tions of biomarkers may also be ratios of absolute or relative
amounts or concentrations of two or more biomarkers with
respect to each other. Such reference levels may also be
tailored to specific techniques that are used to measure levels
of biomarkers in biological samples (e.g., LC-MS, GC-MS.
ELISA, PCR, etc.), where the levels of biomarkers may
differ based on the specific technique that is used.

[0037] As used herein, the term “predetermined threshold
value” of a biomarker refers to the level of the same
biomarker in a corresponding control/normal sample or
group of control/normal samples obtained from normal, or
healthy, subjects, e.g., subjects who do not have a kidney
disease, disorder or condition. Further, the term “altered
level” of a biomarker in a sample refers to a level that is
either below or above the predetermined threshold value for
the same biomarker and thus encompasses either high (in-
creased) or low (decreased) levels.

[0038] The terms “specifically binds to.” “specific for,”
and related grammatical variants refer to that binding which
occurs between such paired species as enzyme/substrate,
receptor/agonist, antibody/antigen, and lectin/carbohydrate
which may be mediated by covalent or non-covalent inter-
actions or a combination of covalent and non-covalent
interactions. When the interaction of the two species pro-
duces a non-covalently bound complex, the binding which
occurs is typically electrostatic, hydrogen-bonding, or the
result of lipophilic interactions. Accordingly. “specific bind-
ing” occurs between a paired species where there is inter-
action between the two which produces a bound complex
having the characteristics of an antibody/antigen or enzyme/
substrate interaction. In particular, the specific binding is
characterized by the binding of one member of a pair to a
particular species and to no other species within the family
of compounds to which the corresponding member of the
binding member belongs. Thus, for example, an antibody
typically binds to a single epitope and to no other epitope
within the family of proteins. In some embodiments, specific
binding between an antigen and an antibody will have a
binding affinity of at least 107° M. In other embodiments, the
antigen and antibody will bind with affinities of at least 10~
M, 108 Mto 107" M, 107° M, 107 M, or 107> M. As used
herein, the terms “specific binding” or “specifically binding”
when used in reference to the interaction of an antibody and
a protein or peptide means that the interaction is dependent
upon the presence of a particular structure (i.e., the epitope)
on the protein.

[0039] As used herein, the terms “binding agent specific
for” or “binding agent that specifically binds” refers to an
agent that binds to a biomarker and does not significantly
bind to unrelated compounds. Examples of binding agents
that can be effectively employed in the disclosed methods
include, but are not limited to, proteins and antibodies, such
as monoclonal or polyclonal antibodies, or antigen-binding
fragments thereof, aptamers, lectins, etc. In certain embodi-
ments, a binding agent binds a biomarker (e.g., a metabolite
biomarker) with an affinity constant of, for example, greater
than or equal to about 1x107° M.

2 <
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1I. Detection of GFR Metabolite Biomarkers

[0040] A. Detection by Mass Spectrometry

[0041] In one aspect, the metabolite biomarkers of the
present invention may be detected by mass spectrometry, a
method that employs a mass spectrometer to detect gas
phase ions. Examples of mass spectrometers are time-of-
flight, magnetic sector, quadrupole filter, ion trap, ion cyclo-
tron resonance, Orbitrap, hybrids or combinations of the
foregoing, and the like.

[0042] In particular embodiments, the biomarkers of the
present invention are detected using selected reaction moni-
toring (SRM) mass spectrometry techniques. Selected reac-
tion monitoring (SRM) is a non-scanning mass spectrometry
technique, performed on triple quadrupole-like instruments
and in which collision-induced dissociation is used as a
means to increase selectivity. In SRM experiments two mass
analyzers are used as static mass filters, to monitor a
particular fragment ion of a selected precursor ion. The
specific pair of mass-over-charge (m/z) values associated to
the precursor and fragment ions selected is referred to as a
“transition” and can be written as parent m/z—fragment m/z
(e.g. 673.5—534.3). Unlike common MS based proteomics,
no mass spectra are recorded in a SRM analysis. Instead, the
detector acts as counting device for the ions matching the
selected transition thereby returning an intensity distribution
over time. Multiple SRM transitions can be measured within
the same experiment on the chromatographic time scale by
rapidly toggling between the different precursor/fragment
pairs (sometimes called multiple reaction monitoring,
MRM). Typically, the triple quadrupole instrument cycles
through a series of transitions and records the signal of each
transition as a function of the elution time. The method
allows for additional selectivity by monitoring the chro-
matographic coelution of multiple transitions for a given
analyte. The terms SRM/MRM are occasionally used also to
describe experiments conducted in mass spectrometers other
than triple quadrupoles (e.g. in trapping instruments) where
upon fragmentation of a specific precursor ion a narrow
mass range is scanned in MS2 mode, centered on a fragment
ion specific to the precursor of interest or in general in
experiments where fragmentation in the collision cell is used
as a means to increase selectivity. In this application the
terms SRM and MRM or also SRM/MRM can be used
interchangeably, since they both refer to the same mass
spectrometer operating principle. As a matter of clarity, the
term MRM is used throughout the text, but the term includes
both SRM and MRM, as well as any analogous technique,
such as e.g. highly-selective reaction monitoring, hSRM,
LC-SRM or any other SRM/MRM-like or SRM/MRM-
mimicking approaches performed on any type of mass
spectrometer and/or, in which the peptides are fragmented
using any other fragmentation method such as e.g. CAD
(collision-activated dissociation (also known as CID or
collision-induced dissociation), HCD (higher energy CID),
ECD (electron capture dissociation), PD (photodissociation)
or ETD (electron transfer dissociation).

[0043] In another specific embodiment, the mass spectro-
metric method comprises matrix assisted laser desorption/
ionization time-of-flight (MALDI-TOF MS or MALDI-
TOF). In another embodiment, method comprises MALDI-
TOF tandem mass spectrometry (MALDI-TOF MS/MS). In
yet another embodiment, mass spectrometry can be com-
bined with another appropriate method(s) as may be con-
templated by one of ordinary skill in the art. For example,
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MALDI-TOF can be utilized with trypsin digestion and
tandem mass spectrometry as described herein.

[0044] In an alternative embodiment, the mass spectro-
metric technique comprises surface enhanced laser desorp-
tion and ionization or “SELDI,” as described, for example,
in U.S. Pat. No. 6,225,047 and U.S. Pat. No. 5,719,060.
Briefly, SELDI refers to a method of desorption/ionization
gas phase ion spectrometry (e.g. mass spectrometry) in
which an analyte (here, one or more of the biomarkers) is
captured on the surface of a SELDI mass spectrometry
probe. There are several versions of SELDI that may be
utilized including, but not limited to, Affinity Capture Mass
Spectrometry (also called Surface-Enhanced Affinity Cap-
ture (SEAC)), and Surface-Enhanced Neat Desorption
(SEND) which involves the use of probes comprising energy
absorbing molecules that are chemically bound to the probe
surface (SEND probe). Another SELDI method is called
Surface-Enhanced Photolabile Attachment and Release
(SEPAR), which involves the use of probes having moieties
attached to the surface that can covalently bind an analyte,
and then release the analyte through breaking a photolabile
bond in the moiety after exposure to light, e.g., to laser light
(see, U.S. Pat. No. 5,719,060). SEPAR and other forms of
SELDI are readily adapted to detecting a biomarker or
biomarker panel, pursuant to the present invention.

[0045] In another mass spectrometry method, the bio-
markers can be first captured on a chromatographic resin
having chromatographic properties that bind the biomarkers.
For example, one could capture the biomarkers on a cation
exchange resin, such as CM Ceramic HyperD F resin, wash
the resin, elute the biomarkers and detect by MALDL
Alternatively, this method could be preceded by fractionat-
ing the sample on an anion exchange resin before applica-
tion to the cation exchange resin. In another alternative, one
could fractionate on an anion exchange resin and detect by
MALDI directly. In yet another method, one could capture
the biomarkers on an immuno-chromatographic resin that
comprises antibodies that bind the biomarkers, wash the
resin to remove unbound material, elute the biomarkers from
the resin and detect the eluted biomarkers by MALDI or by
SELDI.

[0046] B. Detection by Immunoassay

[0047] In other embodiments, the metabolite biomarkers
of the present invention can be detected and/or measured by
immunoassay. Immunoassay requires specific capture
reagents/binding agent, such as antibodies, to capture the
biomarkers. Many antibodies are available commercially.
Antibodies also can be produced by methods well known in
the art, e.g., by immunizing animals with the biomarkers.
Biomarkers can be isolated from samples based on their
binding characteristics.

[0048] The present invention contemplates traditional
immunoassays including, for example, sandwich immuno-
assays including ELISA or fluorescence-based immunoas-
says, immunoblots, Western Blots (WB), as well as other
enzyme immunoassays. Nephelometry is an assay per-
formed in liquid phase, in which antibodies are in solution.
Binding of the antigen to the antibody results in changes in
absorbance, which is measured. In a SELDI-based immu-
noassay, a biospecific capture reagent for the biomarker is
attached to the surface of an MS probe, such as a pre-
activated protein chip array. The biomarker is then specifi-
cally captured on the biochip through this reagent, and the
captured biomarker is detected by mass spectrometry.
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[0049] In certain embodiments, the levels of the metabo-
lite biomarkers employed herein are quantified by immuno-
assay, such as enzyme-linked immunoassay (ELISA) tech-
nology. In specific embodiments, the levels of expression of
the biomarkers are determined by contacting the biological
sample with antibodies, or antigen binding fragments
thereof, that selectively bind to the metabolite biomarkers;
and detecting binding of the antibodies, or antigen binding
fragments thereof, to the metabolite biomarkers. In certain
embodiments, the binding agents employed in the disclosed
methods and compositions are labeled with a detectable
moiety.

[0050] Forexample, the level of a metabolite biomarker in
a sample can be assayed by contacting the biological sample
with an antibody, or antigen binding fragment thereof, that
selectively binds to the target biomarker (referred to as a
capture molecule or antibody or a binding agent), and
detecting the binding of the antibody, or antigen-binding
fragment thereof, to the biomarker. The detection can be
performed using a second antibody to bind to the capture
antibody complexed with its target metabolite biomarker.
Kits for the detection of biomarkers as described herein can
include pre-coated strip plates, biotinylated secondary anti-
body, standards, controls, buffers, streptavidin-horse radish
peroxidise (HRP), tetramethyl benzidine (TMB), stop
reagents, and detailed instructions for carrying out the tests
including performing standards.

[0051] The present disclosure also provides methods in
which the levels of the metabolite biomarkers in a biological
sample are determined simultaneously. For example, in one
embodiment, methods are provided that comprise: (a) con-
tacting a biological sample obtained from the subject with a
plurality of binding agents that selectively bind to a plurality
of metabolite biomarkers disclosed herein for a period of
time sufficient to form binding agent-biomarker complexes:
(b) detecting binding of the binding agents to the plurality of
metabolite biomarkers, thereby determining the levels of the
metabolite biomarkers in the biological sample; and (c)
comparing the levels of the plurality of metabolite biomark-
ers in the biological sample with predetermined threshold
values, wherein levels of at least one of the plurality of
metabolite biomarkers above/below the predetermined
threshold values can be used to calculate eGFR. Examples
of binding agents that can be effectively employed in such
methods include, but are not limited to, antibodies or anti-
gen-binding fragments thereof, aptamers, lectins and the
like.

[0052] In a further aspect, the present disclosure provides
compositions that can be employed in the disclosed meth-
ods. In certain embodiments, such compositions a solid
substrate and a plurality of binding agents immobilized on
the substrate, wherein each of the binding agents is immo-
bilized at a different, indexable, location on the substrate and
the binding agents selectively bind to a plurality of metabo-
lite biomarkers disclosed herein. In a specific embodiment,
the locations are pre-determined. In other embodiments, kits
are provided that comprise such compositions. In certain
embodiments, the plurality of metabolite biomarkers
includes one or more of the metabolites described herein
including X-11564, C-glycosyltryptophan, pseudouridine,
X-17299, N-acetylthreonine, N-acetylserine, erythritol, ara-
bitol, urea, and X-16394. In other embodiments, the plural-
ity of metabolite biomarkers further includes at least one
metabolite biomarker selected from the group consisting of
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valine, tyrosine, 4-methyl-2-oxopentanoate, glycerophos-
phorylcholine (GPC), wuridine, threonine, X-19380,
X-19411, and tryptophan. The plurality of metabolite bio-
markers can comprise X-11564, C-glycosyltryptophan,
pseudouridine, X-17299, and N-acetylthreonine. In other
embodiments, the plurality of metabolite biomarkers com-
prises C-glysyltryptophan®, pseudouridine, N-acetyl-threo-
nine, N-acetylserine, and erythritol. In general, the plurality
of metabolite biomarkers can comprise one or more of
valine, tyrosine, 4-methyl-2-oxopentanoate, glycerophos-
phorylcholine (GPC), wuridine, threonine. X-19380,
X-19411, tryptophan, X-11564, C-glycosyltryptophan®,
pseudouridine, X-17299, N-acetylthreonine, N-acetylserine,
erythritol, arabitol, urea, X-16394. X-11423, erythronate*,
creatinine, myo-inositol. N6-carbamoylthreonyladenosine.
X-12749, X-12104, N-acetylalanine, N2,N2-dimethyl-
guanosine, 4-acetamidobutanoate, X-11945, 1-methythisti-
dine, arabonate, N-formylmethionine, 2-hydroxyisobu-
tyrate, xylonate, succinylcarnitine, N-acetylneuraminate,
X-12686, N-acetyl-1-methylhistidine*, homocitrulline,
X-17703, X-11444, threitol, X-18887, X-12846, p-cresol
sulfate, 3-methylglutarylcarnitine (C6), N1-Methyl-2-pyri-
done-5-carboxamide, glutarylcarnitine (C5), X-16982,
isobutyrylcarnitine, 3-indoxyl sulfate, X-17357, galactitol
(dulcitol), X-12822, X-13837, X-02249, X-12411, X-13844,
kynurenine, X-12007, X-13553, X-12125, N2,N5-diacety-
lornithine, O-methylcatechol sulfate, X-13835, X-12729,
X-12814, leucine, and 1-myristoylglycerophosphocholine
(14:0), betaine, 2-hydroxybutyrate (AHB), X-18914. In
other embodiments, such compositions additionally com-
prise binding agents that selectively bind to other biomark-
ers. Binding agents that can be employed in such composi-
tions include, but are not limited to, antibodies, or antigen-
binding fragments thereof, aptamers, lectins, other
metabolites and the like.

[0053] In a related aspect, methods for calculating eGFR
in a subject are provided, such methods comprising: (a)
contacting a biological sample obtained from the subject
with a composition disclosed herein for a period of time
sufficient to form binding agent-metabolite biomarker com-
plexes; (b) detecting binding of the binding agents to a
plurality of metabolite biomarkers, thereby determining the
levels of metabolite biomarkers in the biological sample;
and (¢) comparing the levels of metabolite biomarkers in the
biological sample with predetermined threshold values,
wherein levels of expression of at least one of the plurality
of metabolite biomarkers above/below the predetermined
threshold values can be used to calculate eGFR.

[0054] Although antibodies are useful because of their
extensive characterization, any other suitable agent (e.g., a
peptide, an aptamer, or a small organic molecule) that
specifically binds a metabolite biomarker of the present
invention is optionally used in place of the antibody in the
above described immunoassays. For example, an aptamer
that specifically binds a metabolite biomarker and/or one or
more of its further breakdown products might be used.
Aptamers are nucleic acid-based molecules that bind spe-
cific ligands. Methods for making aptamers with a particular
binding specificity are known as detailed in U.S. Pat. No.
5,475,096; U.S. Pat. No. 5,670,637; U.S. Pat. No. 5,696,249;
U.S. Pat. No. 5,270,163; U S. Pat. No. 5,707,796; U.S. Pat.
No. 5,595,877, U.S. Pat. No. 5,660,985; U.S. Pat. No.
5,567,588; U.S. Pat. No. 5,683,867; U.S. Pat. No. 5,637,459;
and U.S. Pat. No. 6,011,020.
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[0055] 1In specific embodiments, the assay performed on
the biological sample can comprise contacting the biological
sample with one or more capture agents (e.g., antibodies,
peptides, aptamer, etc., combinations thereof) to form a
metabolite biomarker:capture agent complex. The com-
plexes can then be detected and/or quantified.

[0056] In one method, a first, or capture, binding agent,
such as an antibody that specifically binds the metabolite
biomarker of interest, is immobilized on a suitable solid
phase substrate or carrier. The test biological sample is then
contacted with the capture antibody and incubated for a
desired period of time. After washing to remove unbound
material, a second, detection, antibody that binds to a
different, non-overlapping, epitope on the biomarker is then
used to detect binding of the metabolite biomarker to the
capture antibody. The detection antibody is preferably con-
jugated, either directly or indirectly, to a detectable moiety.
Examples of detectable moieties that can be employed in
such methods include, but are not limited to, cheminescent
and luminescent agents; fluorophores such as fluorescein,
rhodamine and eosin; radioisotopes; colorimetric agents;
and enzyme-substrate labels, such as biotin.

[0057] In another embodiment, the assay is a competitive
binding assay, wherein labeled biomarker is used in place of
the labeled detection antibody, and the labeled biomarker
and any unlabeled biomarker present in the test sample
compete for binding to the capture antibody. The amount of
biomarker bound to the capture antibody can be determined
based on the proportion of labeled biomarker detected.
[0058] Solid phase substrates, or carriers, that can be
effectively employed in such assays are well known to those
of skill in the art and include, for example, 96 well microtiter
plates, glass, paper, chips and microporous membranes
constructed, for example, of nitrocellulose, nylon, polyvi-
nylidene difluoride, polyester, cellulose acetate, mixed cel-
lulose esters and polycarbonate. Suitable microporous mem-
branes include, for example, those described in US Patent
Application Publication no. US 2010/0093557 Al. Methods
for the automation of immunoassays are well known in the
art and include, for example, those described in U.S. Pat.
Nos. 5,885,530, 4,981,785, 6,159,750 and 5,358,691,
[0059] The presence of several different metabolite bio-
markers in a test sample can be detected simultaneously
using a multiplex assay, such as a multiplex ELISA. Mul-
tiplex assays offer the advantages of high throughput, a
small volume of sample being required, and the ability to
detect different proteins across a board dynamic range of
concentrations.

[0060] In certain embodiments, such methods employ an
array, wherein multiple binding agents (for example capture
antibodies) specific for multiple biomarkers are immobilized
on a substrate, such as a membrane, with each capture agent
being positioned at a specific, pre-determined, location on
the substrate. Methods for performing assays employing
such arrays include those described, for example, in US
Patent Application Publication nos. US2010/0093557A1
and US2010/0190656A1, the disclosures of which are
hereby specifically incorporated by reference.

[0061] Multiplex arrays in several different formats based
on the utilization of, for example, flow cytometry, chemi-
luminescence or electron-chemiluminesence technology, are
well known in the art. Flow cytometric multiplex arrays,
also known as bead-based multiplex arrays, include the
Cytometric Bead Array (CBA) system from BD Biosciences
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(Bedford, Mass.) and multi-analyte profiling (XMAP®)
technology from Luminex Corp. (Austin, Tex.), both of
which employ bead sets which are distinguishable by flow
cytometry. Each bead set is coated with a specific capture
antibody. Fluorescence or streptavidin-labeled detection
antibodies bind to specific capture antibody-biomarker com-
plexes formed on the bead set. Multiple biomarkers can be
recognized and measured by differences in the bead sets,
with chromogenic or fluorogenic emissions being detected
using flow cytometric analysis. In an alternative format, a
multiplex ELISA from Quansys Biosciences (Logan, Utah)
coats multiple specific capture antibodies at multiple spots
(one antibody at one spot) in the same well on a 96-well
microtiter plate. Chemiluminescence technology is then
used to detect multiple biomarkers at the corresponding
spots on the plate.

[0062] C. Other Methods for Detecting Metabolite Bio-
markers
[0063] Inseveral embodiments, the metabolite biomarkers

of the present invention may be detected by means of an
electrochemicaluminescent assay, for example, developed
by Meso Scale Discovery (Gaithersrburg, Md.). Electro-
chemiluminescence detection uses labels that emit light
when electrochemically stimulated. Background signals are
minimal because the stimulation mechanism (electricity) is
decoupled from the signal (light). Labels are stable, non-
radioactive and offer a choice of convenient coupling chem-
istries. They emit light at ~620 nm, eliminating problems
with color quenching. See U.S. Pat. No. 7,497,997; U.S. Pat.
No. 7,491,540; U.S. Pat. No. 7,288,410; U.S. Pat. No.
7,036,946; U.S. Pat. No. 7,052,861; U.S. Pat. No. 6,977,722;
U.S. Pat. No. 6,919,173; U.S. Pat. No. 6,673,533; U.S. Pat.
No. 6,413,783; U.S. Pat. No. 6,362,011; U.S. Pat. No.
6,319,670; U.S. Pat. No. 6,207,369; U.S. Pat. No. 6,140,045,
U.S. Pat. No. 6,090,545; and U.S. Pat. No. 5,866,434, See
also U.S. Patent Applications Publication No. 2009/
0170121; No. 2009/006339; No. 2009/0065357; No. 2006/
0172340; No. 2006/0019319; No. 2005/0142033; No. 2005/
0052646; No. 2004/0022677; No. 2003/0124572; No. 2003/
0113713; No. 2003/0003460; No. 2002/0137234; No. 2002/
0086335; and No. 2001/0021534.

[0064] The metabolite biomarkers of the present invention
can also be detected by other suitable methods. Detection
paradigms that can be employed to this end include optical
methods, electrochemical methods (voltametry and amper-
ometry techniques), atomic force microscopy, and radio
frequency methods, e.g., multipolar resonance spectroscopy.
Hlustrative of optical methods, in addition to microscopy,
both confocal and non-confocal, are detection of fluores-
cence, luminescence, chemiluminescence, absorbance,
reflectance, transmittance, and birefringence or refractive
index (e.g., surface plasmon resonance, ellipsometry, a reso-
nant mirror method, a grating coupler waveguide method or
interferometry). Furthermore, a sample may also be ana-
lyzed by means of a chip. Chips generally comprise solid
substrates and have a generally planar surface, to which a
capture reagent (also called an adsorbent or affinity reagent)
is attached. Frequently, the surface of a chip comprises a
plurality of addressable locations, each of which has the
capture reagent bound there. These include, for example,
chips produced by Advion, Inc. (Ithaca. N.Y.).
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11. Determination of a Patient’s Glomerular
Filtration Rate Status

[0065] A. Metabolite Biomarker Panels

[0066] The present invention relates to the use of metabo-
lite biomarkers to calculate an estimated GFR. A patient’s
eGFR can be calculated using one or more metabolite
biomarkers described herein, serum creatinine, serum cys-
tatin C, and/or demographics. More specifically, the bio-
markers of the present invention include a metabolite
described herein including any combinations of metabolites
listed in Tables 2-13. In particular embodiments, the bio-
markers of the present invention include, but are not limited
to, valine, tyrosine, 4-methyl-2-oxopentanoate, glycero-
phosphorylcholine (GPC), uridine, threonine, X-19380,
X-19411, tryptophan, X-11564, C-glycosyltryptophan®,
pseudouridine, X-17299, N-acetylthreonine, N-acetylserine,
erythritol, arabitol, urea, X-16394, X-11423, erythronate*,
creatinine, myo-inositol, N6-carbamoylthreonyladenosine,
X-12749, X-12104, N-acetylalanine, N2,N2-dimethyl-
guanosine, 4-acetamidobutanoate, X-11945, 1-methylhisti-
dine, arabonate, N-formylmethionine, 2-hydroxyisobu-
tyrate, xylonate, succinylcarnitine, N-acetylneuraminate,
X-12686, N-acetyl-1-methylhistidine*, homocitrulline.
X-17703, X-11444, threitol, X-18887, X-12846, p-cresol
sulfate, 3-methylglutarylcarnitine (C6), N1-Methyl-2-pyri-
done-5-carboxamide, glutarylcarnitine (C5), X-16982,
isobutyrylcarnitine, 3-indoxyl sulfate, X-17357, galactitol
(dulcitol), X-12822, X-13837. X-02249. X-12411, X-13844,
kynurenine, X-12007, X-13553, X-12125. N2,N5-diacety-
lornithine, O-methylcatechol sulfate, X-13835, X-12729,
X-12814, leucine and 1-myristoylglycerophosphocholine
(14:0), betaine, 2-hydroxybutyrate (AHB), and X-18914.
Other biomarkers known in the relevant art may be used in
combination with the biomarkers described herein.

[0067] The power of a diagnostic test to correctly predict
status is commonly measured as the sensitivity of the assay,
the specificity of the assay or the area under a receiver
operated characteristic (“ROC”) curve. Sensitivity is the
percentage of true positives that are predicted by a test to be
positive, while specificity is the percentage of true negatives
that are predicted by a test to be negative. An ROC curve
provides the sensitivity of a test as a function of 1-specific-
ity. The greater the area under the ROC curve, the more
powerful the predictive value of the test. Other useful
measures of the utility of a test are positive predictive value
and negative predictive value. Positive predictive value is
the percentage of people who test positive that are actually
positive. Negative predictive value is the percentage of
people who test negative that are actually negative.

[0068] Inparticular embodiments, the biomarker panels of
the present invention may show a statistical difference in
different GFR statuses of at least p<0.05, p<1072, p<1072,
p<10~* or p<10~>. Diagnostic tests that use these biomarkers
may show an ROC of at least 0.6, at least about 0.7, at least
about 0.8, or at least about 0.9.

[0069] Furthermore, in certain embodiments, the values
measured for markers of a biomarker panel are mathemati-
cally combined and the combined value is correlated to the
underlying diagnostic question. Biomarker values may be
combined by any appropriate state of the art mathematical
method. Well-known mathematical methods for correlating
a marker combination to a disease status employ methods
like discriminant analysis (DA) (e.g., linear-, quadratic-,
regularized-DA), Discriminant Functional Analysis (DFA),



US 2017/0276669 A1l

Kernel Methods (e.g., SVM), Multidimensional Scaling
(MDS), Nonparametric Methods (e.g., k-Nearest-Neighbor
Classifiers), PLS (Partial Least Squares), Tree-Based Meth-
ods (e.g., Logic Regression, CART. Random Forest Meth-
ods, Boosting/Bagging Methods), Generalized Linear Mod-
els (e.g., Logistic Regression), Principal Components based
Methods (e.g., SIMCA), Generalized Additive Models,
Fuzzy Logic based Methods, Neural Networks and Genetic
Algorithms based Methods. The skilled artisan will have no
problem in selecting an appropriate method to evaluate a
biomarker combination of the present invention. In one
embodiment, the method used in a correlating a biomarker
combination of the present invention, e.g. to determine/
calculate GFR, is selected from DA (e.g., Linear-, Qua-
dratic-, Regularized Discriminant Analysis), DFA, Kernel
Methods (e.g., SVM), MDS, Nonparametric Methods (e.g.,
k-Nearest-Neighbor  Classifiers), PLS (Partial Least
Squares), Tree-Based Methods (e.g., Logic Regression,
CART, Random Forest Methods, Boosting Methods), or
Generalized Linear Models (e.g., Logistic Regression), and
Principal Components Analysis. Details relating to these
statistical methods are found in the following references:
Ruczinski et al., 12 J. orF CoMPUTATIONAL AND GRAPHICAL STa-
misTics 475-511 (2003); Friedman, J. H., 84 J. oF THE AMERICAN
Staristicar, Association 165-75 (1989); Hastie, Trevor, Tib-
shirani, Robert, Friedman, Jerome, The Elements of Statis-
tical Learning, Springer Series in Statistics (2001); Breiman,
L., Friedman, J. H., Olshen, R. A., Stone. C. J. Classification
and regression trees, California: Wadsworth (1984); Bre-
iman, L., 45 MacHINE LEARNING 5-32 (2001); Pepe, M. S., The
Statistical Evaluation of Medical Tests for Classification and
Prediction, Oxford Statistical Science Series, 28 (2003); and
Duda, R. O., Hart, P. E., Stork, D. G., Pattern Classification,
Wiley Interscience, 2nd Edition (2001).

[0070] B. Generation of Classification Algorithms for
Qualifying GFR Status

[0071] In some embodiments, data that are generated
using samples such as “known samples” can then be used to
“train” a classification model. A “known sample” is a sample
that has been pre-classified. The data that are used to form
the classification model can be referred to as a “training data
set.” The training data set that is used to form the classifi-
cation model may comprise raw data or pre-processed data.
Once trained, the classification model can recognize patterns
in data generated using unknown samples. The classification
model can then be used to classify the unknown samples into
classes. This can be useful, for example, in predicting
whether or not a particular biological sample is associated
with a certain biological condition (e.g., diseased versus
non-diseased).

[0072] Classification models can be formed using any
suitable statistical classification or learning method that
attempts to segregate bodies of data into classes based on
objective parameters present in the data. Classification
methods may be either supervised or unsupervised.
Examples of supervised and unsupervised classification pro-
cesses are described in Jain, “Statistical Pattern Recognition:
A Review”, IEEE Transactions on Pattern Analysis and
Machine Intelligence, Vol. 22, No. 1, January 2000, the
teachings of which are incorporated by reference.

[0073] In supervised classification, training data contain-
ing examples of known categories are presented to a learn-
ing mechanism, which learns one or more sets of relation-
ships that define each of the known classes. New data may
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then be applied to the learning mechanism, which then
classifies the new data using the learned relationships.
Examples of supervised classification processes include
linear regression processes (e.g., multiple linear regression
(MLR), partial least squares (PLS) regression and principal
components regression (PCR)), binary decision trees (e.g.,
recursive partitioning processes such as CART), artificial
neural networks such as back propagation networks, dis-
criminant analyses (e.g., Bayesian classifier or Fischer
analysis), logistic classifiers, and support vector classifiers
(support vector machines).

[0074] Another supervised classification method is a
recursive partitioning process. Recursive partitioning pro-
cesses use recursive partitioning trees to classify data
derived from unknown samples. Further details about recur-
sive partitioning processes are provided in U.S. Patent
Application No. 2002 0138208 A1 to Paulse et al., “Method
for analyzing mass spectra.”

[0075] In other embodiments, the classification models
that are created can be formed using unsupervised learning
methods. Unsupervised classification attempts to learn clas-
sifications based on similarities in the training data set,
without pre-classifying the spectra from which the training
data set was derived. Unsupervised learning methods
include cluster analyses. A cluster analysis attempts to
divide the data into “clusters” or groups that ideally should
have members that are very similar to each other, and very
dissimilar to members of other clusters. Similarity is then
measured using some distance metric, which measures the
distance between data items, and clusters together data items
that are closer to each other. Clustering techniques include
the MacQueen’s K-means algorithm and the Kohonen’s
Self-Organizing Map algorithm.

[0076] Learning algorithms asserted for use in classifying
biological information are described, for example, in PCT
International Publication No. WO 01/31580 (Barnhill et al.,
“Methods and devices for identifying patterns in biological
systems and methods of use thereof™), U.S. Patent Applica-
tion Publication No. 2002/0193950 (Gavin et al. “Method or
analyzing mass spectra”). U.S. Patent Application Publica-
tion No. 2003/0004402 (Hitt et al., “Process for discrimi-
nating between biological states based on hidden patterns
from biological data”), and U.S. Patent Application Publi-
cation No. 2003/0055615 (Zhang and Zhang, “Systems and
methods for processing biological expression data”).
[0077] The classification models can be formed on and
used on any suitable digital computer. Suitable digital com-
puters include micro, mini, or large computers using any
standard or specialized operating system, such as a Unix,
Windows® or Linux™ based operating system. In embodi-
ments utilizing a mass spectrometer, the digital computer
that is used may be physically separate from the mass
spectrometer that is used to create the spectra of interest, or
it may be coupled to the mass spectrometer.

[0078] The training data set and the classification models
according to embodiments of the invention can be embodied
by computer code that is executed or used by a digital
computer. The computer code can be stored on any suitable
computer readable media including optical or magnetic
disks, sticks, tapes, etc., and can be written in any suitable
computer programming language including R, C. C++,
visual basic, etc.

[0079] The learning algorithms described above are useful
both for developing classification algorithms for the bio-
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markers already discovered, and for finding new biomarker
biomarkers. The classification algorithms, in turn, form the
base for diagnostic tests by providing diagnostic values
(e.g., cut-off points) for biomarkers used singly or in com-
bination.

[0080] Without further elaboration, it is believed that one
skilled in the art, using the preceding description, can utilize
the present invention to the fullest extent. The following
examples are illustrative only, and not limiting of the
remainder of the disclosure in any way whatsoever.

EXAMPLES

[0081] The following examples are put forth so as to
provide those of ordinary skill in the art with a complete
disclosure and description of how the compounds, compo-
sitions, articles, devices, and/or methods described and
claimed herein are made and evaluated, and are intended to
be purely illustrative and are not intended to limit the scope
of what the inventors regard as their invention. Efforts have
been made to ensure accuracy with respect to numbers (e.g.,
amounts, temperature, etc.) but some errors and deviations
should be accounted for herein. Unless indicated otherwise,
parts are parts by weight, temperature is in degrees Celsius
or is at ambient temperature, and pressure is at or near
atmospheric. There are numerous variations and combina-
tions of reaction conditions, e.g., component concentrations,
desired solvents, solvent mixtures, temperatures, pressures
and other reaction ranges and conditions that can be used to
optimize the product purity and yield obtained from the
described process. Only reasonable and routine experimen-
tation will be required to optimize such process conditions.

Example 1: Precise Estimation of GFR from
Multiple Blood Biomarkers

Materials and Methods

[0082] Study Population.

[0083] Metabolite discovery used stored serum from 200
individuals with GFR measurements using urinary clearance
of 1-125 Iothalamate in the African-American Study of
Kidney Disease and Hypertension (AASK) at the 48 month
follow-up visit. This subset selected as having reliable
mGFRs by choosing individuals whose mGFR at the 42 and
54 months follow-up visits were within 25% of the mGFR
at the 48 month visit.

[0084] GFR Measurement.

[0085] GFR was measured as the weighted mean of 4
timed voluntary '**I-iothalamate urinary clearances of
25-35 minutes’ duration. Comparisons of '**I-iothalamate
clearances to urinary clearance of inulin, the reference
standard for GFR measurements, showed high correlations.
[0086] Clinical Chemistry Measurements.

[0087] SCr was assayed using the Beckman rate-Jaffé
method based on the alkaline picrate reaction (reference
range, 0.8-1.4 mg/dL) and calibrated to standardized SCr
values measured at the Cleveland Clinic Research Labora-
tory subsequently calibrate to IDMS traceable methods.
Results of the calibration procedure have been described
previously. Stevens et al., 57(3 Suppl. 2) Am. J. Kioney Dis.
S9-16 (2011); Stevens et al., 50(1) Au. J. Kmney Dis. 23-35
(2007).

[0088] To measure SCysC, stored serum specimens were
thawed in 2005-2006 after being frozen at —70° C. since
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collection. Samples were assayed at the Cleveland Clinic
Research Laboratory using a particle-enhanced immunon-
ephelometric assay (N Latex Cystatin C; Dade Behring) of
0.97 and 1.90 mg/L (72.7 and 142.3 mol/L), respectively.
SCysC has been shown to be robust to multiple freeze-thaw
cycles.

[0089] Metabolomic Measurements.

[0090] Metabolite profiling was measured using serum
samples collected during the AASK study and frozen at -80°
C. Detection and quantification of 829 metabolites was
completed by Metabolon Inc. (Durham, USA) using an
untargeted, gas chromatography-mass spectrometry and lig-
uid chromatography-mass spectrometry (GC-MS and LC-
MS)-based metabolomic quantification protocol. Evans et
al., 81(16) Anar. Crem. 6656-67 (2009); Ohta et al., 37(4)
Toxiocoroic Path. 521-35 (2009). Values were standardized
for each metabolite and 49 metabolites with no variation (all
values 1.0) were excluded leaving 780 metabolites.

[0091] Sample Preparation and Metabolic Profiling: The
non-targeted metabolic profiling platform employed for this
analysis combined three independent platforms imple-
mented by Metabolon under a service agreement using these
methods: ultrahigh performance liquid chromatography/tan-
dem mass spectrometry (UHPLC/MS/MS) optimized for
basic species. UHPLC/MS/MS optimized for acidic species,
and gas chromatography/mass spectrometry (GC/MS).
Samples were processed essentially as described previously
(Ohta T, Masutomi N, Tsutsui, N, et al. Untargeted metabo-
lomic profiling as an evaluative tool of fenofibrate-induced
toxicology in Fischer 344 male rats. Toxicol. Pathol. 2009;
37(4)521; Evans A M, DeHaven C D, Barrett T, Mitchell M,
and Milgram E. Integrated, nontargeted ultrahigh perfor-
mance liquid chromatography/electrospray ionization tan-
dem mass spectrometry platform for the identification and
relative quantification of the small-molecule complement of
biological systems. Anal. Chem. 2009; 81:6656-67). For
each sample, 100 pL of serum was used for analyses. Using
an automated liquid handler (Hamilton LabStar, Salt Lake
City, Utah), protein was precipitated with methanol that
contained four standards to report on extraction efficiency.
The resulting supernatant was split into equal aliquots for
analysis on the three platforms. Aliquots, dried under nitro-
gen and vacuum-desiccated, were subsequently either recon-
stituted in 50 pL 0.1% formic acid in water (acidic condi-
tions) or in 50 ulL 6.5 mM ammonium bicarbonate in water,
pH 8 (basic conditions) for the two UHPLC/MS/MS analy-
ses or derivatized to a final volume of 50 ul, for GC/MS
analysis using equal parts bistrimethyl-silyl-trifluoroacet-
amide and solvent mixture acetonitrile:dichloromethane:
cyclohexane (5:4:1) with 5% triethylamine at 60° C. for one
hour. In addition, three types of controls were analyzed in
concert with the experimental samples: aliquots of a “client
matrix” formed by pooling a small amount of each sample
served as technical replicates throughout the data set,
extracted water samples served as process blanks, and a
cocktail of standards spiked into every analyzed sample
allowed instrument performance monitoring. Experimental
samples and controls were randomized across six platform
run days.

[0092] For UHLC/MS/MS analysis, aliquots were sepa-
rated using a Waters Acquity UPLC (Waters, Millford,
Mass.) and analyzed using an [TQ mass spectrometer
(Thermo Fisher Scientific, Inc., Waltham, Mass.) which
consisted of an electrospray ionization (ESI) source and
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linear ion-trap (LIT) mass analyzer. The MS instrument
scanned 99-1000 m/z and alternated between MS and MS?
scans using dynamic exclusion with approximately 6 scans
per second. Derivatized samples for GC/MS were separated
on a 5% phenyldimethyl silicone column with helium as the
carrier gas and a temperature ramp from 60° C. to 340° C.
and then analyzed on a Thermo-Finnigan Trace DSQ MS
(Thermo Fisher Scientific, Inc.) operated at unit mass resolv-
ing power with electron impact ionization and a 50-750
atomic mass unit scan range.

[0093] Metabolites were identified by automated compari-
son of the ion features in the experimental samples to a
reference library of chemical standard entries that included
retention time, molecular weight (m/z), preferred adducts,
and in-source fragments as well as associated MS spectra,
and were curated by visual inspection for quality control
using software developed at Metabolon (DeHaven C D.
Evans A M, Dai H, and Lawton K A. Organization of
GC/MS and LC/MS Metabolomics data into Chemical
Libraries. J. Cheminform. 2010; 2(1):9).

[0094] For data display purposes and statistical analysis,
each biochemical was rescaled to set the median equal to 1.
In addition, any missing values were assumed to be below
the limits of detection and these values were imputed with
the compound minimum (minimum value imputation).
[0095] Data Analysis.

[0096] GFR was averaged across the 3 consistent mGFRs
(measured at 42, 48 and 54 months) to provide the most
precise estimate of true GFR which is the primary outcomes
to be estimated in this study, referred to as MGFR (log of the
average of 3 consistent mGFRs). GFR and metabolites were
log transformed to allow for the physiologically expected
inverse association between GFR and filtration markers.
[0097] Correlations were calculated between all 780
metabolites and MGFR. Metabolites with correlations of
similar or greater negative values to log of serum creatinine
(Scr) were considered the most promising, Combinations of
metabolites were then examined for their predictive ability
for producing a precise estimated GFR (eGFR). In particular
embodiments, non-linear algorithms that emphasize consen-
sus estimates and exclude outliers are used for robustness. In
other embodiments, linear regression algorithms can be
used. Because linear regression was sufficient to show
superiority to the currently used algorithms, the following
discussion focuses on multiple linear regression.

[0098] Combinations of metabolites were explored in sev-
eral groupings of specific clinical utility: (1) Metabolites
only excluding demographic covariates since this would
simplify GFR estimation and may prove to be more robust
to patient characteristics; (2) Metabolites with demograph-
ics; (3) Known metabolites; and (4) Above with traditional
markers (log serum creatinine and cystatin C).

[0099] Predictions were compared to the gold standard
MGER for different measures of precision and validity: (1)
RMSE-root mean square error providing a continuous mea-
sure of precision: and (2) 1-P30, 1-P20 and 1-P10 which
estimate the percentage of estimates which are further than
30%, 20%, and 10% of the gold standard. These estimates
were compared across models using bootstrapping.

[0100] The current clinical standards of the CKD-EPI
equation that uses serum creatinine and demographics for
estimating GFR was used as the main comparison with the
goal of showing superiority. We also compared this result to
a best fit equation with creatinine and demographics fit in
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this dataset. We use the dedicated method to assay creati-
nine, the Jaffe assay, in routine clinical chemistry as the
primary comparison but also show the performance of the
less precise metabolite discovery creatinine assay. We rec-
ognize that mass spectrography (MS) can be optimized to
vield creatinine measurements with similar precision and
greater validity than the Jaffe assay, while the current MS
creatinine discovery assay had lower precision. In addition,
cystatin C and the combination of creatinine and cystatin C
were examined as proposed estimates which have been
rigorously examined but are much less widely used.

Results

[0101] Twelve participants had missing serum creatinine
Jaffe data and were excluded from the analysis. The baseline
characteristics of the study participants (Table 1) were
similar to those of the overall AASK study. Mean MGFR
was 48 (range 10-94) ml/min/1.73 m.*> The correlations of
metabolites with the MGFR was centered around zero with
an excess of metabolites with a strong negative correlation
(FIG. 1). A dozen markers showed a stronger correlation
than serum creatinine (identified M513 in the Metabolon
panel) with another dozen analytes having weaker correla-
tion than creatinine but still lower than -0.60. Table 13
shows a list of all metabolites ranked by their correlation
with MGFR, including 9 metabolites with strong positive
correlations (>0.40, p<0.001). Random permutation of the
MGER shows that if the null hypothesis were true then 95%,
99% and minimum-maximum of the correlations with
marker values would be in these intervals —0.14 to 0.14,
-0.18 to 0.18 and -0.22 to 0.21 (average of 500 simula-
tions).

[0102] Performance of serum creatinine improves when
measured using the Jaffe clinical chemistry assay compared
to its measurement as part of the discovery panel (RMSE
declines from 0.29 to 0.23 without demographics). As
expected, serum creatinine based estimates are much better
when age and sex are included in the regression models
(RMSE 0.26 for Metabolon screen and 0.19 for Jaffe crea-
tinine). eGFRer using the clinically accepted CKD-EPI
equation performs very similarly to a regression optimized
for the AASK study in this sample (RMSE 0.201 vs. 0.191)
suggesting we can use it as a reference representing both the
current clinical practice and the best creatinine performance
when combined with demographics.

[0103] In models without demographics each of the top 10
markers results in more precise estimates (higher correlation
and lower RMSE) than serum creatinine measured using the
Metabolomic discovery method with 3 of the metabolites
(X-11564, C-glycosyltryptophan and pseudouridine) having
stronger correlations than even serum creatinine assayed
using the Jaffe assay. The combination of top 5 metabolites
improves the RMSE to 0.1448 (1-P30 of 3.19%) and this is
significantly better than the precision obtained by the clini-
cally accepted CKD-EPI eGFRcr (RMSE 0.2008, 1-P30
7.98%, p=0.04). The prediction by the top 5 and top 10
metabolite improves only modestly with incorporation of
demographic variables suggesting they are not strongly
related to age and sex (Table 13 shows correlation of
markers with age and sex). Sensitivity analyses show that
panels with good precision and low error rates can be
constructed even if unnamed metabolites are excluded
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(Table 5, RMSE 0.1577 and 0.1483 for top 5 and top 10
known metabolites with corresponding 1-P30 or 3.19% and
1.60%).

[0104] In this dataset, RMSE and 1-P30is 0.170 and 4.8%
and 0.140 and 4.3% for CKD-EPIcr-cys and regression with
log creatinine, log cystatin and metabolites, respectively.
When the top 5 metabolites are combined with these four
variables, the RMSE declines to 0.1279 and 1-P30 reduces
to 1.06% 1 (p=0.008).

[0105] Stepwise regression as well as other algorithms
allow for more parsimonious selection of subsets of analytes
that yield excellent improved precision. For all metabolites
and limited to those with known names respectively, Tables
4 and 5 list performance of these models and Tables 11 and
12 list the specific analytes and regression coefficients.
Models were also constructed that specifically included the
Jaffe creatinine assay since some high precision method to
estimate creatinine may be desirable to include in a panel
precisely estimating GFR. Likewise, models which include
demographics are explored. Overall, a number of models
can yield excellent precision and show improved statistical
significance compared to eGFRcr. For example, the best
stepwise model considering creatinine has RMSE of 0.144
with 4 known analytes (C-glycosyltryptophan, pseudouri-
dine, myo-inositol, phenylacetylglutamine) improving the
percentage of large errors (1-P30) to 1.6% from 8% (p<0.01)
for eGFRer (1-P20 improved to 16.5% from 25.0%, p<0.
05). Considering unknown analytes and/or cystatin C can
provide similar or even somewhat better precision showing
a range of options for excellent precision in estimating
measured GFR (Table 4, 5, 11 and 12). It is also noteworthy
that in some models, metabolites positively correlated with
GFR, improve the estimates; the most useful among these
were leucine and 1-myristoylglycerophosphocholine (14:0).

Discussion

[0106] An unbiased metabolomics screen revealed many
metabolites that are strongly negatively correlated with
measured GFR. Combining metabolites into a panel to
precisely estimate GFR (precise eGFR) resulted in
extremely precise estimates which were clearly superior to
the currently used eGFRcr, even without the use of demo-
graphics or creatinine itself. These panels were more precise
than estimates using the low molecular weight protein,
cystatin C. Multiple panels and algorithms perform well
which can be useful in adapting to a wide range of clinical
situations. Adding cystatin C to creatinine, demographics
and other top metabolites resulted in the most precise eGFR
which nearly eliminated large errors (1-P30 1.1% vs. 8.0%/0
with eGFRer, 6.9%/0 for eGFRcys and 4.8% for eGFRer-
cys). These levels of precision are as good or better than that
seen with single measures of GFR.

[0107] The previous literature on metabolites related to
kidney function focused on using eGFRer as the gold
standard. Several previous papers show correlations
between metabolites and eGFRer which is useful but the
previous approaches do not lead to a fully enabled concept
since merely being a measure of kidney function which is
equivalent to creatinine is not useful. To be clinically useful,
the test must be superior to the existing clinical standard
(eGFRcr) and the promising new estimates (eGFRcys and
eGFRer-cys). The current approach of using measured GFR
allows for an unbiased comparison to these clinical stan-
dards and provides clear evidence of several analytes and
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algorithms results in statistically significant improvement.
Showing the relationship of metabolites to prognosis is of
utility as well and several papers have shown associations
with incidence of CKD association with CKD stage some
with emphasis on cGFRcr, uremia, risk of CKD progression
and ESRD. Some found no added value in improving the
correlation with eGFR (association of metabolites with diet).

[0108] The present study has several strengths and limi-
tations. The strengths include use of a gold standard measure
of GFR in a study (AASK) which contributed to develop-
ment of the MDRD Study and CKD-EPI eGFR equations.
The gold standard’s precision is enhanced by focusing the
average of three successive GFR measures in a sample in
which all three measures are consistent with the middle
measure so that we have a very high level of confidence in
the fold standard minimizing the chances that large errors
are due to errors in the gold standard. The Metabolon
platform allows for an unbiased examination of a large
number of metabolites with identification of the leading
metabolites.

[0109] The limitations of the study are mostly related to
the steps one should take in making sure that a valid concept
is rigorously tested in multiple clinical settings to allow an
assessment of incremental clinical gain over current stan-
dards and cost effectiveness. First, the results should be
validated in additional cohorts and robustness to special
situations should be assessed, although we have used boot-
strapping to make sure the current results a robust. It is also
important to expect that prediction by eGFR will have a
ceiling effect based on the quality of the gold standard which
in most studies is likely to be less rigorous than in this
discovery study which used an average of three consistent
measured GFRs. Second, it will be important to determine
the clinical factors, physiologic and pharmacologic, which
influence any given analytes and robustness of any specific
eGFR. However, we would propose that by using multiple
analytes from different metabolic pathways, the overall
eGFR would be less sensitive to the effect of any given
non-GFR effect but this should be tested and quantified. We
also propose that by having multiple analytes to choose
from, it will be possible to minimize the risk of bias and
error in a wider range of clinical settings. We also propose
that the redundant information in multiple analytes in the
eGFR can be used to exclude outlier analytes and produce an
estimate, reflecting the average of the consistent analytes,
which may be even more robust across a broad set of clinical
settings. Third, some of the best metabolites (e.g., X-1564
and X-17299) are not yet named. However, their detailed
mass spectrometry characteristics are known, documented in
the Metabolon database, and they can be measured. Identi-
fication of these metabolite would allow for determination of
absolute concentrations but the current paper shows that
relative concentrations can yield useful results; pools of
serum can be used to make sure calibration is consistent over
time, even for unknown metabolites. Finally, assays for each
analytes should be optimized and implemented in a setting
which avoids drift over time. Imitially, this can be done in a
single laboratory, such as Metabolon’s, but use across mul-
tiple laboratories should be associated with a standardization
efforts comparable to what occurred for serum creatinine
over the past decade.

[0110] The clinical applications of a precise eGFR are
numerous and, in fact, it may be that many applications have
been hampered by the current estimates having limited
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precision and limited robustness. First, clinical situations
where muscle metabolism is altered make eGFRer suscep-
tible to error and indicate potential greater utility for an
estimate based on other markers. Second, eGFR should be
used whenever greater precision can improve patient care
and minimize outcomes. The current error rates are not low
(1-P30 of 10-40%), but we must recognize that in many
cases nephrology care does not change across a relatively
wide range of GFR. For example, blood pressure and
glucose targets do not vary across relatively large GFR
ranges. Toxic complications of drugs or contrast agents
cleared by kidney filtration may very well benefit from
improved GFR precision. Similarly, kidney transplant
donors and recipients may benefit from eGFR with a low
probability of having large errors. Some centers have imple-
mented GFR measurements when greater accuracy is
needed. These direct GFR measurements are based on
injection of exogenous compounds (radioactive or not) but
these often involve substantial burden in term of time (often
requiring 4-6 hours) and can have limited precision due to
incomplete bladder emptying in renal clearance estimates,
non-renal clearance for blood clearance estimates and dif-
ficulties in standardization of the multiple steps and assays
to obtain a measurement.

CONCLUSIONS

[0111] Combination of multiple blood analytes based on a
single blood draw can lead to a precise estimate of GFR
(precise eGFR) of better precision than the current clinically
used measures (eGFR using serum creatinine or even com-
bined with serum cystatin C) and comparable (possibly
better precision) than single measures of GFR (mGFR)

13
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using injection of exogenous substances. Different combi-
nations of markers and algorithms allow for different desir-
able characteristics (e.g., metabolite only panel suitable for
single platform analysis; obviating the need for clinical
covariates; ability to exclude specific analytes; robustness to
unreliability of one or more analytes). These methods can be
tested in a range of clinical settings and using different
measurement platforms to create new tests based on a single
blood measure of comparable precision to GFR measure-
ment using exogenous gold standards substantially improv-
ing the diagnosis, classification and prognostication for
many individuals where current methods are inadequate.

TABLE 1

Characteristics of 188 AASK participants at the index visit*

Mean
Characteristic (SD) Min-Max
Sex, male, % 68
Age 60 (9) (29-74)
Serum creatinine, mg/dL 2.0 (0.9) (0.9-6.5)
Serum cystatin C, mg/dL 1.8 (0.7) (0.8-4.4)
mGFR, ml/min/1.73 m? 48 (17) (10-94)
mGFR at previous visit (42 month visit) 47 (17) (10-84)
mGFR at subsequent visit (54 month 47 (17) (9-96)
visit)
Average mGFR, ml/min/1.73 m2 47 (17) (10-91)
(MGTR)
Systolic blood pressure, mmHg 132 (12) (109-163)
Diastolic blood pressure, mmHg 80 (7) (62-97)
Serum urea nitrogen, mg/dL 25 (13) (7-100)

*Index visit is the AASK 48 month follow-up visit (F48). Participants with missing data
on serum creatinine or cystatin at this visit were excluded (n = 12)

TABLE 2

Metabolites ranked by strength of negative correlation with average GFR

Correlation with MGEFR Correlation
Adj. for with
Jaffe demographics Biochemical name (X for

Metabolite # r p-value  creatinine  Age Sex unknown)

545 -0.808 0 -0.44 -0.05 0.04 X-11564

186 -0.787 0 -0.45 0.02  -0.01 C-glycosyltryptophan®*

435 -0.774 0 -041 -0.04  0.00 pseudouridine

746 -0.768 0 -0.33 -0.03 0.13 X-17299

374 -0.766 0 -0.50 -0.04  0.06 N-acetylthreonine

373 -0.758 0 -0.39 -0.01  0.15 N-acetylserine

241 -0.758 0 -0.37 0.07  0.04 erythritol

161 -0.739 0 -0.35 -0.02  0.03 arabitol

499 -0.733 0 -0.38 -0.03  -0.03 urea

714 -0.732 0 -0.28 -0.05 0.13 X-16394

525 -0.730 0 -0.26 0.04  0.04 X-11423

242 -0.718 0 -0.28 0.04 0.0l erythronate™®

214 -0.710 0 -0.11 -0.09  0.24 creatinine

359 -0.703 0 -0.25 0.03  0.01 myo-inositol

385 -0.699 0 -0.25 -0.01  0.09 Né6-carbamoylthreonyladenosine

618 -0.683 0 -0.17 0.00  0.00 X-12749

576 -0.683 0 -042 -0.02 -0.04 X-12104

366 -0.682 0 -041 -0.03 0.12 N-acetylalanine

382 -0.678 0 -0.32 -0.05  0.04 N2,N2-dimethylguanosine

114 -0.667 0 -0.14 -0.01  0.03 4-acetamidobutanoate

566 -0.658 0 -0.24 -0.04  0.08 X-11945

26 -0.644 0 -0.30 0.01 0.16 1-methylhistidine

162 -0.637 0 -0.13 -0.01 0.02 arabonate

375 -0.635 0 -0.39 0.00  0.00 N-formylmethionine

69 -0.633 0 -033 -0.09  0.12 2-hydroxyisobutyrate
510 -0.614 0 -0.12 -0.04 -0.02 xylonate
469 -0.609 0 -0.32 -0.08  0.00 succinylcarnitine
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TABLE 2-continued

Metabolites ranked by strength of negative correlation with average GFR

Correlation with MGFR Correlation
Adj. for with
Jaffe demographics Biochemical name (X for
Metabolite # T p-value creatinine  Age Sex unknown)
371 -0.604 0 -0.19 -0.05  0.06 N-acetylneuraminate
603 -0.600 0 -0.18 -0.05 0.03 X-12686
363 -0.597 0 -0.06 -0.04  0.06 N-acetyl-1-methylhistidine*
298 -0.593 0 -0.24 0.04 -0.06 homocitrulline
775 -0.590 0 -0.25 0.10  -0.01 X-17703
531 -0.575 0 -0.21 0.09 0.07 X-11444
480 -0.568 0 -0.05 -0.03  -0.01 threitol
797 -0.566 0 -0.39 0.02 -0.16 X-18887
632 -0.565 0 -0.26 0.17  0.07 X-12846
399 -0.563 0 -0.27 0.21  -0.12 p-cresol sulfate
110 -0.557 0 -0.18 0.07  -0.12 3-methylglutarylcarnitine (C6)
379 -0.557 0 -0.27 -0.03  -0.11 N1-Methyl-2-pyridone-5-carboxamide
271 -0.552 0 -0.18 -0.07  0.10 glutarylearnitine {C5)
729 -0.550 0 -0.21 -0.01 0.14 X-16982
319 -0.550 0 -0.28 0.07  -0.05 isobutyrylcarnitine
104 -0.549 0 -0.15 0.07  -0.09 3-indoxyl sulfate
755 -0.545 0 -0.11 012 -0.02 X-17357
251 -0.543 2.22E-16 -0.20 0.01 0.02 galaclitel (dulcitel)
625 -0.543 2.22E-16 -0.06 -0.01 0.01 X-12822
651 -0.539 2.22E-16  -0.13 -0.09  0.02 X-13837
514 -0.529 1.11E-15 -0.26 -0.11 -0.08 X-02249
596 -0.528 1.33E-15 -0.12 0.04 -0.02 X-12411
652 -0.528 1.33E-15 -0.12 -0.05 0.03 X-13844
326 -0.527 1.55E-15 -0.35 -0.02  -0.05 kynurenine
567 -0.523 2.89E-15 -0.01 -0.08 0.01 X-12007
643 -0.520 4.66E-15 -0.11 -0.06 0.13 X-13553
580 -0.517 6.88E-15 0.00 0.01 0.02 X-12125
383 -0.516 7.77E-15 -0.09 -0.06  0.11 N2,N5-diacetylornithine
390 -0.516 7.99E-15 -0.12 0.04  -0.12 O-methylecatechol sulfate
650 -0.509 2.35E-14 0.02 -0.17 0.12 X-13835
609 -0.504 4.62E-14 0.04 -0.19 0.14 X-12729
621 -0.500 7.88E-14 0.02 -0.04 0.03 X-12814
TABLE 3

Metabolites ranked by strength of positive correlation with average GFR

Correlation with average
mGFR

Metabolite Adj. Jaffe _Correlation Biochemical name (X for

# T p-value  creatinine Age Sex unknown)

501 0.400 8.13E-09 0.29 -0.03 0.11 valine

495 0.409 3.35E-09 0.24 0.00 0.08 tyrosine

124 0426 6.00E-10 0.31 0.00 0.24 4-methyl-2-oxopentanoate

276 0460 1.37E-11 0.27 0.03 0.07 glycerophosphorylcholine (GPC)
500 0.466 6.30E-12 0.25 -0.05 0.11 undine

482 0.474 233E-12 0.29 -0.01 0.11 threonine

816 0.476 1.89E-12 0.19 0.01 0.14 X-19380

817 0.528 1.33E-15 0.32 -0.04 0.12 X-19411

492 0.552 0 0.33 -0.03 0.20 tryptophan
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TABLE 4

Prediction of GFR using different estimates

Without age and sex

With age and sex

RMSE  1-P30 1-P20 1-P10 RMSE  1-P30 1-P20 1-P10
eGFR cr! 0.201 8.0% 25.0% 59.0%
eGFR cys1 0.208 6.9% 28.7% 63.8%
eGFR cr + cys! 0.170 4.8% 20.2% 56.4%
bio_ 214 (creatinine) 0.286 29.8% 45.2% 70.7% 0.263 23.9% 41.0% 68.1%
Creatinine (Jaffe) 0227 17.0% 36.2% 64.9% 0.192 8.5% 27.7% 54.8%
Cystatin C 0.168 9.0% 20.7% 53.7% 0.165 8.5% 18.6% 47.9%
Creatinine (Jaffe) + 0.155 5.9% 20.7% 47.9% 0.140 4.3% 12.2% 46.8%
Cystatin C

bio_545 (X-11564) 0.173 6.9% 25.0% 60.1% 0.164 5.9% 19.1% 60.1%
bio_ 186 (C-glycosyl- 0.179 7.4% 25.0% 61.7% 0.179 6.9% 23.4% 61.2%
tryptophan®)

bio_ 435 (pseudo- 0.227 14.4% 38.3% 64.4% 0.226 12.8% 34.0% 63.3%
undine)

bio_746 (X-17299) 0.253 26.6% 41.5% 66.5% 0.243 26.1% 42.6% 62.8%
bio_374 (N-acetyl-threonine)  0.253 21.3% 39.9% 64.9% 0.251 21.3% 38.8% 62.2%
Top 5 Metabolites! 0.145%**  3.2%* 14.9%**  48.9%* 0.138%*%  2.1%**  12.8%*** 46.8%*
Top 10 Metabolites 0.142%%%  2.7%%* 14.4%**  46.8%* 0.136%%%  2.1%%** 9.6%%**  452%%*
Creatinine + Cystatin C + 0.139%%%  1.6%*%  12.2%%** 47.3%% 0.128%%% 1 1%%%%  10.6%%*%  41.0%%**
top 5 Metabolites

Best by Stepwise (6) (7) 0130%%%  270p% 120K 4500p%E  (I30%EE ] [opRRE B OURRRE 463044
Best by Stepwise, 0.124%%% 1 1%***  0.0%***  41.0%*** (,114***  0,5%%**  500p%¥*  37.20p%**
p_enter(0.05)

p_exit(0.1)(14) (15)

Best by Stepwise 0.138%**  0.5%*** 14.4%**  50.5% 0.125%%%  1.1%***  9.6%*** 42.0%***
considering Cr (5) (6)

Creatinine + best by 0.137#%%  2.1%**  12.2%%*%% A44.7%** Q. 127%%%  1.1%**  9.0%***  43.1%%+*
stepwise (6) (7)

Best by Stepwise 0.134%%%  3.7%* 10.1%***  46.3%* 0.127#%% 1 10%%%*  11.7%%**  41.500%**

considering Cr + Cys (5)

&)

5 0.05,
*=p < 0,01,

*#*5 < 0.001 compared to eGFRer. Significance testing only for lower panel of the table.

1Previously developed eGFR estimates already include age and sex (race is set to African-American for all participants) as well as a spline (nearly all
participants are above the knots for creatinine and cystatin C), Prediction statistics are caleulated based on the ¢GER itself (equivalent to having an intercept

of zero and slope of 1).

2 Top metabolites are based on the correlation rank order listed in Table 2 (first 5 or 10).

Stepwise regression models list the number of variables selected in parentheses with the model without demographics listed first. Default p-value for
entering is 0.05 and 0.01 for exist so all variables are p < 0.01; more liberal criteria model performance (p-exit = 0.10) are also shown. Variables selected
as best by stepwise considering creatinine have excellent performance and feasibility on a single assay (¥ indicates rank of the correlation in Table 13):
X-11564 (#1), C-glycosyltryptophan (#2), Leucine (#750 positive correlation with mGFR), 1-methylhistidine (#22), 1-myristoylglycerophosphocholine

(14:0) ((#735 positive correlation with mGFR); when adding age & sex the model adds: X-18914 (£733).

TABLE 5

Prediction of GFR using different estimates-limited to known metabolites

Without age and sex

With age and sex

RMSE 1-P30 1-P20 1-P10 RMSE 1-P30 1-P20 1-P10
eGFR cr 0.201 8.0% 25.0% 39.0%
eGFR cys 0.208 6.9% 28.7% 63.8%
eGFR cr + cys 0.170 4.8% 20.2% 56.4%
bio__214 (creatinine) 0.286 29.8% 45.2% 70.7% 0.263 23.9% 41.0% 68.1%
Creatinine (Jaffe) 0227 17.0% 36.2% 64.9% 0.192 8.5% 27.7% 54.8%
Cystatin C 0.168 9.0% 20.7% 53.7% 0.165 8.5% 18.6% 47.9%
Creatinine + Cystatin C 0.155 5.9% 20.7% 47.9% 0.140 4.3% 12.2% 46.8%
bio__186 (C-glycosyl- 0.179 7.4% 25.0% 61.7% 0.179 6.9% 23.4% 61.2%
tryptophan*)
bio_435 (pseudouridine) 0227 14.4% 38.3% 64.4% 0.226 12.8% 34.0% 63.3%
bio__374 (N-acetyl-threonine)  0.253 21.3% 39.9% 64.9% 0.251 21.3% 38.8% 62.2%
bio__373 (N-acetylserine) 0.247 18.6% 35.6% 62.8% 0.241 18.1% 33.0% 64.4%
bio__241 (erythritol) 0217 17.0% 36.2% 61.2% 0.216 16.5% 36.7% 62.8%
Top 5 Metabolites 0.158%%  32%*  21.8% 52.1% 0.156***  4.3% 20.2% 51.1%
Top 10 Metabolites 0.148%*%  1.6%** 18.1% 47.3%*  0.142%%F  1.1%%* 13.8%%*  46.3%%*
Creatinine + Cystatin C + 0.140%%%  2.1%%*  13.3%***  48.9%%  0.128%*F  27%%F 11.2%***  30.0%%**

top 5 Metabolites

Sep. 28,2017
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TABLE 5-continued

Sep. 28,2017

Prediction of GFR using different estimates-limited to known metabolites

Without age and sex

With age and sex

RMSE 1-P30 1-P20 1-P10 RMSE 1-P30 1-P20 1-P10
Best by Stepwise (3) (7) 0.148%*%*  43% 15.4%* 32.1% 0.140%%%  1.1%**  154%*  46.3%**
Best by Stepwise, 0.120%%%  11%***  10.6%***  42.6%**  0.126%%*F  1.6%***  B.0%*** 36.7%***
p__enter(0.05)
p_exit(0.1)(14) (14)
Best by Stepwise 0.144%%%  1.6%**  16.5%* 49.5%%  0.136%%*  11%**F  13.8%***  452%%*
considering Cr (4) (3)
Creatinine + best by 0.143%%%  21%**  149%**  52.1% 0.135%%%  1.1%**  11.7%***  44.1%%*
stepwise above (5) (7)
Best by Stepwise 0.134%%%  21%**  12.2%%%*  47.3%%  0.129%%F  21%%*  12.2%%**  41.0%*F*
considering Cr + Cys (4)
@
Creatinine + Cystatin C + 0.135%%%  2.7%%* 12.8%%%F  43.6%**  0.130%%*  2.1%**  10.1%***  42.6%***

best by stepwise above (5)
M

*p < 0.05,
*p < 0.01,
*#*5 < 0.001 compared to eGFRer. Significance testing only for lower panel of the table.

! Previously developed eGEFR estimates already include age and sex (race is set to African-American for all participants) as well as a spline (nearly all
participants are above the knots for creatinine and cystatin C). Prediction statistics are calculated based on the eGFR itself (equivalent to having an intercept

of zero and slope of 1).

2 Top metabolites are based on the correlation rank order of KNOWN metabolites listed in Table 2 (first 5 or 10).

[0112] Stepwise regression models list the number of
variables selected in parentheses with the model without
demographics listed first. Default p-value for entering is
0.05 and 0.01 for exist so all variables are p<0.01; more
liberal criteria model performance (p-exit=0.10) are also
shown. Variables selected as best by stepwise considering

creatinine have excellent performance and feasibility on a
single assay (# indicates rank of the correlation in Table 13):
C-glycosyltryptophan (#2), pseudouridine (#3), myo-inosi-
tol (#14), phenylacetylglutamine (#65); when adding age &
sex the model adds: N-acetylserine (#6) but drops myo-
inositol (#14), phenylacetylglutamine (#65).

TABLE 6

Diagnostic performance of CKD (average mGFR <60 ml/min/1.73 m?)
measured by area under the curve (AUC), sensitivity (Sn) and specificity (Sp)
among participants with average mGFR of 45-90 ml/min/1.73 m?.

Without age and sex With age and sex

cut off 60, range 45-90 AUC Sn Sp AUC Sn Sp
eGFR cr 0.792 83.8% 48.8%
eGER cys 0.846 95.6%  46.3%
eGFR cr + cys 0.869 92.6%  48.8%
bio__214 (creatinine) 0712 85.3% 31.7% 0.764 91.2% 43.9%
Creatinine (Jaffe) 0.700 70.6% 46.3% 0.794 83.8%  46.3%
Cystatin C 0.827 82.4% 61.0% 0.843 853% 65.9%
Creatinine + Cystatin C 0.829 80.9% 65.9% 0.871 86.8% 73.2%
bio__545 (X-11564) 0.759 77.9% 51.2% 0.793 77.9%  53.7%
bio__186 (C-glycosyltryptophan*) 0.794 80.9% 46.3% 0.798 80.9% 41.5%
bio__435 (pseudouridine) 0.744 853% 39.0% 0.745 853% 43.9%
bio__746 (X-17299) 0.664 76.5% 43.9% 0.684 79.4%  46.3%
bio__374 (N-acetylthreonine) 0.783 83.8% 46.3% 0.791 83.8% 46.3%
Top 5 Metabolites 0.825 83.8% 65.9% 0.858 80.9% 63.4%
Top 10 Metabolites 0.848 80.9% 683% 0.869 83.8% 75.6%
Best by Stepwise (6) (7) 0.843 79.4% 683% 0.871 824% 75.6%
Best by Stepwise, p__enter(0.05) 0.882 85.3% 78.0% 0.900 89.7% 80.5%
p_exit(0.1)(14) (15)

Best by Stepwise considering Cr (5) (6) 0.841 76.5% 683% 0.872 794% 68.3%
Creatinine + best by stepwise above (6) 0.844 79.4% 683% 0.878 853% 75.6%
)

Best by Stepwise considering Cr + Cys (5) 0.860 82.4%  63.4% 0.886 86.8% 70.7%
)

Creatinine + Cystatin C + top 5 0.851 83.8% 659% 0.880 80.9% 73.2%
Metabolites

Creatinine + Cystatin C + best by 0.865 76.5% 634% 0.890 853% 75.6%

stepwise above (6) (7)

Models correspond to those in Table 4
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Diagnostic performance of distingnishing CKD stage G3B (average mGFR 30

to <45 ml/min/1.73 m?) from G3A (average mGFR 45 to <60 ml/min/1.73

m?) measured by area under the curve (AUC), sensitivity (Sn) and specificity

(Sp) among participants with average mGFR of 30-60 ml/min/1.73 m%

Without age and sex

With age and sex

cut off 45, range 30-60 AUC Sn Sp AUC Sn Sp
eGFR cf 0.925 951% 76.5%
eGFR cys 0912 92.7% 57.4%
eGFR cr + cys 0.960 95.1% 67.6%
bio__214 (creatinine) 0.806 82.9% 61.8% 0.820 82.9% 70.6%
Creatinine (Jaffe) 0.879 80.5% 67.6% 0.926 R87.8% 76.5%
Cystatin C 0.912 87.8% 77.9% 0916 R87.8% 80.9%
Creatinine + Cystatin C 0.936 87.8% 79.4% 0.958 R87.8% 82.4%
bio__545 (X-11564) 0.878 80.5% 79.4% 0.885 78.0% 79.4%
bio__186 (C-glycosyltryptophan*) 0.856 75.6% 76.5% 0.854 78.0% 73.5%
bio__435 (pseudouridine) 0.814 75.6% 76.5% 0.816 80.3% 75.0%
bio__746 (X-17299) 0.897 87.8% 70.6% 0.901 854% 73.5%
bio__374 (N-acetylthreonine) 0.780  80.5%  70.6% 0.761 78.0% 64.7%
Top 5 Metabolites 0.942 87.8% 882% 0.950 R87.8% 88.2%
Top 10 Metabolites 0.936 87.8% 88.2% 0.946 R87.8% 85.3%
Best by Stepwise (6) (7) 0.933 854% 833% 0.951 90.2% 89.7%
Best by Stepwise, p__enter(0.05) 0.961 92.7% 85.3% 0.968 95.1% 91.2%
p_exit(0.1)(14) (15)
Best by Stepwise considering Cr (5) (6) 0915 R878% 76.5% 0941 87.8% 82.4%
Creatinine + best by stepwise above (6) 0.941 R87.8% 83.8% 0.957 90.2% 89.7%
Y]
Best by Stepwise considering Cr + Cys (5) 0.932 854% 83.8% 0.951 87.8% 83.8%
©)
Creatinine + Cystatin C + top 5 0.951 95.1% 85.3% 0.962 90.2% 86.8%
Metabolites
Creatinine + Cystatin C + best by 0.950 90.2% 85.3% 0.963 90.2% 88.2%
stepwise above (6) (7)
Models Correspond to Those in Table 4
[0113]

TABLE 8

Diagnostic performance of CKD {average mGFR <60 ml/min/1.73 m?)

measured by area under the curve (AUC), sensitivity (Sn) and specificity (Sp)

among participants with average mGFR of 45-90 ml/min/1.73 m?.

Without age and sex

With age and sex

cut off 60, range 45-90 AUC Sn Sp AUC Sn Sp

eGFR cr 0.792 83.8% 48.8%
eGFR cys 0.846 95.6% 46.3%
eGFR cr + cys 0.869 92.6% 48.8%
bio_214 (creatinine) 0712 853% 3L7% 0.764 91.2% 43.5%
Creatinine (Jaffe) 0.700  70.6% 46.3% 0.794 83.8% 46.3%
Cystatin C 0.827 824% 61.0% 0.843 853% 65.9%
Creatinine + Cystatin C 0.829 80.9% 65.9% 0.871 86.8% 73.2%
bio__186 (C-glycosyltryptophan*) 0.759 779% 51.2% 0.793 77.9% 53.7%
bio__435 (pseudouridine) 0.794 80.9% 46.3% 0.798 80.9% 41.5%
bio_ 374 (N-acetylthreonine) 0.744 853% 39.0% 0.745 853% 43.9%
bio_373 (N-acetylserine) 0.773 85.3% 53.7% 0.775 86.8% 56.1%
bio_ 241 (erythritol) 0.818 85.3% 585% 0.826 86.8% 58.5%
Top 5 Metabolites 0.848 82.4% 65.9% 0.860 83.8% 63.4%
Top 10 Metabolites 0.869 85.3% 78.0% 0.906 882% 73.2%
Best by Stepwise (6) (7) 0.844 824% 63.4% 0.865 83.8% 65.9%
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TABLE 8-continued

Diagnostic performance of CKD {average mGFR <60 ml/min/1.73 m?)
measured by area under the curve (AUC), sensitivity (Sn) and specificity (Sp)
among participants with average mGFR of 45-90 ml/min/1.73 m?.

Without age and sex With age and sex
cut off 60, range 45-90 AUC Sn Sp AUC Sn Sp
Best by Stepwise, p__enter(0.05) 0.901 824% 683% 0901 824% 78.0%

p_exit(0.1)(14) (15)

Best by Step-wise considering Cr (4) (3)  0.850 794%  683% 0.869 86.8% 73.2%
Creatinine + best by stepwise above (6) 0.851 794% 683% 0.861 82.4% 68.3%
™
Best by Stepwise considering Cr + Cys (4) 0.880 794%  75.6% 0.886 88.2% 73.2%
@
Creatinine + Cystatin C + top 3 0.865 824% 659% 0.894 88.2% 70.7%
Metabolites
Creatinine + Cystatin C + best by 0.872 83.8% 73.2% 0.892 824% 73.2%
stepwise above (6) (7)
Models correspond to those in Table 5
TABLE 9
Diagnostic performance of distinguishing CKD stage G3B (average mGFR 30
to <45 ml/min/1.73 m?) from G3A (average mGFR 45 to <60 ml/min/1.73
m?) measured by area under the curve (AUC), sensitivity (Sn) and specificity
(Sp) among participants with average mGFR of 30-60 ml/min/1.73 m’.

Without age and sex With age and sex
cut off 45, range 30-60 AUC Sn Sp AUC Sn Sp
eGFR cr 0.925 95.1% 76.5%
eGFR cys 0912 92.7% 57.4%
eGFR cr + cys 0.960 95.1%  67.6%
bio_214 (creatinine) 0.806 829% 61.8% 0.820 82.9% 70.6%
Creatinine (Jaffe) 0.879 80.5% 67.6% 0926 B87.8% 76.5%
Cystatin C 0912 87.8% 77.9% 0916 B87.8% 80.9%
Creatinine + Cystatin C 0.936 87.8% 79.4% 0.958 B87.8% 82.4%
bio_ 186 (C-glycosyltryptophan®) 0.878 80.5% 79.4% 0.885 78.0% 79.4%
bio_435 (pseudouridine) 0.856 75.6% 76.5% 0.854 780% 73.5%
bio_374 (N-acetylthreonine) 0.814 75.6% 76.5% 0.816 80.5% 75.0%
bio_373 (N-acetylserine) 0.751 780% 64.7% 0.756 80.5% 69.1%
bio_ 241 (erythritol) 0.811 80.5% 60.3% 0.813 75.6% 64.7%
Top 5 Metabolites 0.883 80.5% 80.9% 0.882 78.0% 77.9%
Top 10 Metabolites 0906 75.6% 83.8% 0911 780% 86.8%
Best by Stepwise (6) (7) 0916 780% 83.8% 0925 854% 86.8%
Best by Stepwise, p__enter(0.05) 0918 75.6% 86.8% 0.934 87.8% 83.8%
p_exit(0.1)(14) (15)

Best by Stepwise considering Cr (4) (3) 0.940 90.2% 86.8% 0.946 854% 89.7%
Creatinine + best by stepwise above (6) 0.943 87.8% 89.7% 0.949 87.8% 88.2%
™
Best by Stepwise considering Cr + Cys (4) 0.939 878% 82.4% 0950 90.2% 85.3%
@
Creatinine + Cystatin C + top 5 0.938 90.2% 86.8% 0.958 90.2% 88.2%
Metabolites
Creatinine + Cystatin C + best by 0.949 92.7% 86.8% 0.950 87.8% 86.8%
stepwise above (6) (7)
Models correspond to those in Table 5.
TABLE 10

Characteristics of unnamed metabolites*
BIOCHEMICAL LIB_ID COMP_ID QUANT RT SPECTRA
Unknown - 11945 200 33290 283.1 1.83 126.2:0.1 151.1::100 152:0.1 195.2:0.1 206.1:0.2

222.1:0.1 223.1:0.2 264:0.1 265.1:0.3 266.1:0.1
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TABLE 10-continued

Characteristics of unnamed metabolites*

BIOCHEMICAL LIB_ID COMP_ID QUANT RT SPECTRA

Unknown - 12104 200 33519 271.1 1.72 114.1:0.2 122.1:5.4 133.1:0.3 139.1:100 140.1:0.9
211.1:0.1 214.1:0.1 227.1:0.2 252.2:0.2 253.1:0.4
254.1:0.2

Unknown - 12686 200 34295 181.1 1.09 61.1:1.5 65.1:0.7 69.1:5.8 71.1:0.5 75.1:0.8 1.1:0.7

85.1:1 87.1:1 97.1:2.2 99.1:3.9 101.1:0.2 103.1:3.8
105.1:0.7 107.1:0.3 115.1:6.6 117.1:3.9 121.2:0.1
127.1:0.2 133.1:21.7 134.1:7.5 135.2:1.6 136.2:0.5
138.1:0.2 145.1:5.5 149.1:0.5 152.1:0.2 153.2:0.2
154.2:0.2 161.1:0.3 163:100 164.1:0.7

Unknown - 12749 - 200 34359 262.1 1.51 85.1:2.1 130.2:0.5 136.2:09 144.2:1.1 165.1:4.7

retired - combo of 166.2:0.3 182.1:11.1 183.2:0.5 203.1:0.9 216.1:100

metabolites 217.1:5.1 218.2:3.5 219.2:0.4 225.2:0.3 226.2:04
226.9:0.3 243.1:0.5 245:5.1 246.1:0.3

Unknown - 16394 200 38963 229.2 1.59 70:20.2 71:1.2 83:0.3 98:0.4 112.1:1.8 114.1:3.9 124:8

125.1:0.6 126.1:2.7 132:1.3 142:100 143.1:8.4 145.1:0.2
155:1.1 158.1:0.5 159.1:0.2 169.1:2.1 170:8.5 171:1.1
173:0.6 183.1:0.7 186.1:0.6 187.1:0.3 196:0.4 200.1:0.2
201.2:0.7 210.1:1.7 211.1:3.5 212.1:1 229.2:2.8
230.2:0.3

Unknown - 16982 200 39568 191.9 1.53 60:0.5 61:0.6 73:0.5 99:0.3 101:4.7 102.1:0.4 105:0.2
107.1:0.4 108.1:0.4 109.1:0.3 114.1:0.4 115.1:1
116.1:0.3 117.1:04 118.1:0.4 119.1:1.5 120.1:0.3
121.1:0.9 122:0.4 124.1:0.2 127.1:0.4 128.1:0.5
129.1:0.5 130.1:0.5 132.1:100 133.1:1.1 135.1:1.9
136.1:0.5 140.1:1 141.1:1.2 142.1:0.6 145:9.6 146:4.5
147:1.9 148.1:1.7 149.1:1.9 150.1:0.7 155.2:0.7
156.1:0.7 157.1:0.5 159:4.5 160:13.9 161.1:0.5 163.1:2.6
164.1:2.8 173:10.5 174.1:13.4 175.1:13.4 178:0.8
213.2:0.3

Unknown - 17299 200 40097 229.2 1.2 68:0.2 70:19.5 71:0.6 96:9.6 114:4.3 116.1:0.2 124:7.6
125.1:0.3 126.1:2.8 132.1:0.7 142:100 143.1:5.1 152:0.2
158.1:0.3 169:8 170:8.8 171:0.5 201.1:0.3 229.2:0.5

Unknown - 02249 201 32587 267.2 4.03 179.3:1.1 180.3:0.1 205.1:0.4 223.1:100 224.2:6.2
239.2:0.4 249.1:2.4 250.1:0.2

Unknown - 11423 - 201 32740 260.1 1.05 79.1:0.2 80.1:0.3 81.1:0.3 93.2:0.2 96.1:0.2 97.1:0.2

retired for O-sulfo- 119.2:2.3 120.2:0.3 134.2:0.4 135.1:0.8 136.3:0.3

L-tyrosine 137.1:1 142.1:0.2 153:0.2 155.3:0.1 161:0.3 163.1:0.5

169.2:0.3 170.3:0.2 171.2:0.3 173.2:0.3 174:0.3
175.1:0.2 176.1:0.1 178.9:0.3 180.1:12 181.1:6.7
186.1:3.1 187.1:0.8 189.2:0.5 190.1:0.3 191.1:0.2
192.1:0.2 193.2:0.2 196.2:0.3 197.2:0.4 199:100
200.1:9.5 201.2:0.5 203.9:0.2 205:0.7 213.2:0.5
213.9:0.3 215:29.2 216.1:3.4 217.1:0.3 219.3:0.2 221:0.2
223.1:0.2 227.3:0.2 231.1:0.2 232.4:0.3 233.2:0.5
241.1:0.4 242.3:1.5 242.9:1.9 244:0.8 245.1:0.2
259.1:0.3 260.1:04 261.2:0.3

Unknown - 11444 201 32761 541.2 3.99 157.1:1 175.1:1.1 176:0.7 241:1.2 271.3:0.4 279.2:0.6
281.3:0.3 283.2:0.8 287.3:0.4 289.2:0.9 291.3:0.7
298.2:2 299.2:1.1 300.2:0.7 301.3:3.7 302.3:1.1
305.3:0.6 306.3:0.5 307.2:1.4 308.3:0.7 315.3:0.5
317.3:3.4 318.3:1 319.3:0.7 320.3:0.5 329.2:0.7
330.4:0.7 332.5:0.5 333.3:0.6 335.3:12.3 336.3:2.2
345.3:0.6 347.3:1.8 348.3:0.6 357:0.6 358.2:0.6
359.4:0.8 360.3:0.5 361.2:0.7 363.3:1.3 364.2:0.7
365.3:0.7 366.4:0.4 371.3:0.7 372.3:0.5 373.3:0.5
374.2:0.5 375.1:0.6 376.2:0.4 377.2:2 378.3:0.5 379:0.4
386.7:0.7 387.4:0.4 389.3:1.6 390.3:0.8 391.3:1
392.1:0.5 393.3:1.6 394.2:0.7 400.9:2 401.5:0.8
402.1:0.3 403.2:0.5 404.2:0.7 405.3:2.8 406.3:0.7
413.3:1 415.2:2.2 416.3:0.9 417.3:0.7 418.3:0.6
419.2:0.6 423.3:6.4 424.3:1.6 427.2:0.5 428.4:04
431.3:0.3 432.4:1 433.3:0.3 434.1:09 435.2:1 436.9:7
443.4:0.7 446.1:1 447.3:0.6 448:1.1 449.3:12.3 450.3:2.9
451.2:1.2 452.2:0.7 455.1:0.5 456.9:0.5 459.3:0.7
460.3:1 461.3:1.9 462.3:0.7 463.3:1.9 464.1:0.7
465.2:0.5 466.2:0.4 471.2:0.5 472.1:0.5 472.9:0.6
475.1:0.9 477.3:0.5 478.3:0.8 479:1 480.2:0.8 481.2:19.9
482.3:4.9 482.9:0.5 484.9:0.8 485.9:0.5 487:0.7 489.8:1
492:0.9 493.2:18.1 494.3:4.7 494.9:0.6 495.4:0.9
496.1:1.4 496.9:7.2 497.9:1.2 500.5:1 501:0.9 502:0.8
503:0.7 504.1:0.5 505.2:2.4 506.2:0.8 508.4:0.5 509:1.5
509.8:1.8 510.4:5.9 511.2:86.5 512.3:24.2 513.6:0.7
514.5:1.8 515.5:1 516.4:0.5 517.7:0.9 518.2:1.2
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TABLE 10-continued

Characteristics of unnamed metabolites*

BIOCHEMICAL LIB_ID COMP_ID QUANT RT SPECTRA

519.1:1.6 519.8:0.7 520.4:0.6 521:0.7 522.1:3.4
523.2:100 524.3:26.5 525.2:1.1 526:0.7 527.2:0.7
527.9:0.7 529:0.5 531.7:0.8 542.8:0.6 578.8:0.7
612.9:0.6 648.9:0.9 684.8:0.5 718.7:0.9 766.7:0.5
824.8:0.5 860.7:0.4 1018.5:0.7 1019.9:0.5

Unknown - 11564 201 32881 177.1 1.2 553:0.7 57.2:5.8 59.2:0.8 71.2:0.8 73.1:13.3 74.2:1.3
75.1:37.3 76.1:1.3 81.1:0.8 83.1:4.8 85.1:100 86.2:4.2
87.1:0.8 89.1:1.2 99.1:0.9 100.1:1.1 101.2:1.5 105.1:0.8
111.2:2.5 113.1:1.5 114:0.8 115.1:5.8 116.2:0.8
117.1:1.1 121:0.7 126.2:0.8 129.1:11.5 130.1:0.8
131.1:1.2 132.1:1.1 133.1:6.9 134.2:1.3 135.2:1.2
136.1:7.9 143.1:1.1 144.8:1.1 147.1:0.9 148.2:19
149.2:14.8 150.2:1.9 157.9:1.2 159.1:59.5 160.1:4.4
163.1:1.1 177.1:4178.1:1.5

Unknown - 11880 201 33225 5374 5.44 213.3:0.1 237.3:0.1 239.3:0.3 254.4:0.1 255.3:0.2
257.3:0.2 259.3:0.4 263.3:0.2 277.3:0.2 279.4:0.3
280.4:0.3 281.4:0.1 295.4:0.2 296.6:0.2 297.4:0.7
298.4:0.2 299.3:0.5 300.3:0.6 301.4:0.3 311.4:0.1
313.4:0.6 314.4:0.2 315.3:3.8 316.4:0.8 333.3:2.2
334.4:0.5 359.4:0.2 363.3:0.1 373.4:0.1 377.4:04
378.4:0.1 391.5:0.2 395.4:0.2 399.4:0.2 405.4:0.7
406.4:0.2 409.5:0.2 417.4:0.5 418.4:0.2 421.5:0.2
439.5:0.1 457.4:3.4 458.5:1.3 465.5:0.2 473.6:0.3
474.6:0.8 475.4:12.8 476.5:4.6 483.4:0.5 484.5:0.2
491.5:0.2 492.5:0.2 493.4:2.2 494.5:0.7 501.4:5.5
502.5:2 504.4:0.1 505.4:0.2 506.5:0.3 507.5:0.1
517.6:0.6 519.4:100 520.3:31.5 521.1:0.2

Unknown - 12846 201 34529 481.3 4.17 157.1:4.5 175.1:2.7 287.3:2.3 303.3:2.5 305.3:9.7
306.3:1.7 317.3:1.3 333.3:1.7 334.3:0.5 347.3:10.8
348.3:2.2 355.3:0.7 359.3:16.8 360.3:4 361.3:1.1
363.3:5.2 364.3:1.3 373.3:2.9 375.3:4 376.3:1 383.3:0.7
384.3:1.5 387.3:0.9 401.3:6.6 402.3:2.4 405.3:2.3
406.4:0.7 419.3:1.1 421.3:9.5 422.3:1.9 435.3:1.1
449.1:1.7 463.2:100 464.3:25 465.3:0.8 472.1:1.3

Unknown - 17703 - 201 40800 479.3 4.26 157:1.8 175.1:2.4 231.2:1.2 2312:0.6 275.2:0.4
retired for 11- 285.2:2.5 288.3:3.4 301.2:0.7 303.2:68 304.3:11.4
ketoetiocholanolone 3113:0.4 313.3:0.6 315.3:1.5 316.2:0.7 329.3:0.9
glucuronide 330.3:1.4 331.3:2.8 332.2:0.8 339.3:0.6 343.3:0.9

345.3:10.7 346.3:1.9 357.3:2.6 358.3:0.7 361.2:22.9
362.3:3.9 371.3:0.9 373.3:2.9 382.4:1.2 385.3:1.3
386.2:0.6 399.3:2.5 400.3:1.6 402.3:3.6 403.3:2.6
417.3:5 419.3:14.6 420.3:3.4 461.2:100 462.3:21.8

Unknown - 18887 201 42272 328.2 2.17 104:4.1 127.1:0.2 128:0.4 180.2:0.2 183.2:0.2 197.2:0.5
205.2:0.2 223.1:15.4 236.2:0.3 237.2:0.5 241.1:53.3
2542:1.4 266.2:25.6 267.2:0.4 280.2:2.8 2842:3.9
298.1:100 299.2:1.3 310.2:113

Unknown - 18914 201 42299 266.9 4.43 140.9:0.3 194.1:0.8 195.1:0.6205:0.6 221:1.3 222.8:100
223.9:5.8 247.9:1 248.9:14.2 249.9:1 265.9:3.4 266.9:3.3

Quant notes the molecular weight. percent; for example 114.2:0.2 and 131.1:100 would indi-
Biochemical name within the Metabolon database as well as cate that 131.1 was the predominant mass of the MS/MS
the platform used for compound detection, the associated
retention time (RT), the quant mass of the standard (Quant), )
and the MS/MS fragmentation of the quant ion coupled with Mass 114.2 was detected as 0.2% of the MS/MS fragment in
the percent of the predominant peak (SPECTRA, frag: relation to peak 131.1).

fragment and as the largest peak is designated as 100%.

TABLE 11

Models for estimating GFR from different sets of metabolites

Top 10 metabolites by rank of the correlation with average mGFR:

Source SS df MS Number of obs = 188
Model 29.6773957 10 296773957 F(10, 177) = 146.83
Residual 3.57753993 177 02021209 Prob >F = 0.0000
Total 33.2549356 187 17783388 R-squared = 0.8924
Adj R-squared = 0.8863

Root MSE = 14217
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TABLE 11-continued

Models for estimating GFR from different sets of metabolites

loggfr avg Coef. Std. Err. T P>1tl  [95% Conf. Interval] rank
logbio_545  -.2793396 .0750019  -3.72.000 -4273527 -.1313265 X-11564 1
logbio__186  -.3051049 .066688 -4.58.000 -4367109  -.1734989 C-glycosyltryptophan* 2
logbio_435  -.1378877 .0511305  -2.70.008 -.2387915  -.0369839 pseudouridine 3
logbio__746  -.1971182 0760651  -2.59.010 -.3472295  -.0470069 X-17299 4
logbio_374 0182053 .0572352 0.32.751 -.094746 .1311565 N-acetylthreonine 5
logbio_373  -.0849153 .0493913  -1.72.087 -.182387 .0125564 N-acetylserine 6
logbio_241  -.0681421 .0592983  -1.16.252 -.1851648 .0438807 erythritol 7
logbio__161  -.0082856 .0483569  -0.10.864 -.1037158 .0871446 arabitol 8
logbio_499  -.0584699 .045993 -1.20.205 -.1492352 .0322954 urea 9
logbio_714 0805344 .0689427 1.10.244 -.0355211 21659 X-16394 10
__cons 3.848483  .0118566  324.30.000 3.825085  3.871881
Best 6 by stepwise regression (p-value for entry 0.05, exit 0.01)
Source ) df MS Number of obs = 188
Model 29.7546488 6 4.95910814 F(6, 181) = 256.44
Residual 3.50028682 181 019338601 Prob >F 0.0000
Total 33.2549356 187 17783388 R-squared = 0.8947
Adj R-squared = 0.8913
Root MSE .13906
loggfr_avg Coef. Std. Err. t P>t [95% Conf. Interval] rank
logbio__545  -.3342452 0641511  -5.20.000 -4608255 -.207665 X-11564 1
logbio__18  -.3359736 .0605076  -3.36.000 -43553645  -.2165827 C-glycosyltryptophan* 2
logbio_399  -.0544081 .0170302  -3.10.002 -.0880115  -.0208048 p-cresol sulfate 37
logbio_359  -.1125838 .0368361  -3.06.003 -.1852673  -.0399004 myo-inositol 14
logbio__514  -.0622925 0225565  -2.76.006 -.1068 -.0177851 X-02249 48
logbio_435  -.132522 0488687  -2.70.007 -.2289477  -.0360963 pseudouridine 3
_cons 3.848898  .0112664  341.63.000 3.826668  3.871128
Best 5 Considering Jaffe Cr stepwise regression (p-value for entry 0.05, exit 0.01)
Source SS df MS Number of obs = 188
Model 29.8047582 6 4.9674597 F(6, 181) = 260.6
Residual 3.45017744 181 019061754 Prob >F = 0.0000
Total 33.2549356 187 .17783388 R-squared = 0.8963
Adj R-squared = 0.8928
Root MSE = .13806
loggfr_avg Coef. Std. Err. t P>t [95% Conf. Interval]
logbio_545  -.3213439 .0690627  -4.66.000 -4576156  -.1850723 X-11564 1
logbio__18  -.4067093 .0533595  -7.36.000 -.5159422  -.2974763 C-glycosyltryptophan* 2
logser -.1725016 .0576152  -2.99.003 -.2861854 -.0588178
logbio_334 2105805 .0592975 3.56.000 .0935772 .3275838 leucine 750
logbio__26 -.0661812 .0191195  -3.48.001 -.1039069  -.0284555 1-methylhistidine 22
logbio_ 28 0419139 .0150977 2.78.006 0121238 071704 1- 735
myristoylglycerophos-
phocholine (14:0)
__cons 3.947145 0315138  125.26.000 3.884963  4.009327
Best 5 Comnsidering Jaffe Cr & CysC stepwise regression (p-value for entry 0.05, exit 0.01)
Source SS df MS Number of obs = 188
Model 30.0081638 6 5.00136063  F(6, 181) = 278.81
Residual 3.24677189 181 017937966 Prob >F = 0.0000
Total 33.2549336 187 17783388  R-squared = 0.9024
Adj R-squared = 0.8991
Root MSE = .13393
loggfr avg Coef. Std. Err. t P> 1Itl  [95% Conf. Interval]
logeys -421111 0851197  -4.96.000 -.5890656 -.2531564
logbio_545  -.2253853 0664313  -3.39.001 -.3564646 -.094306 X-11564 1
logbio__186  -.2240287 .0645688  -3.40.001 -.351433  -.0966244 C-glycosyltryptophan* 2
logbio__775  -.0630226 .0196714  -3.20.002 -.1018374  -.0242078 X-17703 32
logbio_514  -.0642893 .021694 -2.96.003 -.1070949  -.0214837 X-02249 48
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TABLE 11-continued

Models for estimating GFR from different sets of metabolites

logbio_359  -.1041984 .0355785  -2.93  0.004 -.1744004 -.0339965 myo-inositol 14
__cons 4.038692  .0385863 104.67 0.000 3.962555 4.114829
Best 7 with age and sex by stepwise regression (p-value for entry 0.05, exit 0.01)
Source SS df MS Number of obs = 188
Model 30.2637024 9 3.3626336 F(9, 178) = 200.1
Residual 2.99123322 178 016804681 Prob >F = 0.0000
Total 33.2549356 187 17783388 R-squared = 0.9101
Adj R-squared = 0.9055
Root MSE = 12963
loggfr_avg Coef. Std. Err. t P>t [95% Conf. Interval]
sex -.0641232 0222895 -2.88 0.005 -.1081088 -.0201375
logbio__545  -.3556788 .0637406 -3.58 0000 -.4814632 -.2298944 X-11564 1
logbio__186  -.1985949 0612066 -3.24 0001 -.3193788 -.0778111 C-glycosyltryptophan* 2
logbio__746  -.1715388 .0406973 -4.21 0000 -.2518502 -.0912275 X-17299 4
logbio_373  -.1117963 .0417506 -2.68 0.008 -.1941862 -.0294064 N-acetylserine 6
logbio_435  -.1365187 .0438425 -2.98 0003 -.2269833 -.0460541 pseudouridine 3
age -.0042299 0010683 -3.96 0.000 -.006338 -.0021218
logbio_179 1190674 0359501 3.31 0001  .0481242 1900107 betaine 771
logbio__64 0671294 0227812 295 0.004 0221735 .1120854 2-hydroxybutyrate 768
(AHB)
_cons 4.194703 0687437 61.02 0000 4.059046 4.330361
Best 6 considering Cr with age and sex by stepwise regression (p-value for entry 0.03, exit 0.01)
Source SS df MS Number of obs = 188
Model 30.4941791 9 3.38824212  F(9,178) = 218.46
Residual 276075654 178 015509868  Prob >F = 0.0000
Total 33.2549336 187 17783388  R-squared = 0.9170
Adj R-squared = 0.9128
Root MSE = 12454
loggfr avg Coef. Std. Err. t P> It [95% Conf. Interval]
sex -.1231985 .0223375 -5.52 0000 -.1672789 -.079118
logbio__545  -.3393453 0641557 =329 0000 -.4659489 -.2127417 X-11564 1
logbio__186  -.2988977 .0537978 -5.56 0000 =-.4050613 -.192734 C-glycosyltryptophan* 2
logser -.3220039 .0580755 -5.54 0.000 -436609 -.2073989
age -.0033352 .0010187 -3.27 0.001 -.0053454 -.0013249
logbio__26 -.0357669 0171424 -3.25 0001 -.0895954 -.0219384 1-methylhistidine 22
logbio_ 64 0779415 0217686  3.58 0.000  .0349839 .1208992 2-hydroxybutyrate 768
(AHB)
logbio__28 0541034 0138153  3.92 0.000  .0268405 0813662 1- 735
myristoylglycerophos-
phocholine (14:0)
logbio_ 801  -.0527723 0176463 -2.99 0003 -.0875951 -.0179494 X-18914 733
_cons 4370895 0825673 52.94 0.000 4.207959 4.533832

Best 3 considering Jaffe Cr & Cys with age and sex by stepwise regression (p-value for entry 0.05, exit 0.01)

Source SS df MS Number of obs = 188

Model 30.3465079 7 4.33521541 F(7, 180) = 268.3

Residual 2.90842779 180 016157932 Prob > F = 0.0000

Total 33.2549356 187 17783388  R-squared = 0.9125
Adj R-squared = 0.9091
Root MSE = 12711

loggfr_avg Coef. Std. Err. t P>t [95% Conf. Interval]

sex -.117144 0230539 -5.08 0.000 -.1626347 -.0716534

logeys 3515307 0821922  -4.28 0.000 -.5137148 -.1893465

logser -3087382 .0590852  -5.23 0.000  -.425327 -.1921495

logbio_ 186  -.1817934  .0625769  -2.91 0.004  -.3052722 -.0583147 C-glycosyltryptophan* 2

age -0037233 0010197  -3.65  0.000  -.0057355 -.0017111

legbio_373  -.1094776 0407618  -2.69 0.008  -.18991  -.0290453 N-acetylserine 6

logbio_ 545  -.1850715 .0695111  -2.66 0.008  -.3222329 -.04791 X-11564 1

_cons 4.553079 0871312 5226 0.000 438115  4.725009
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TABLE 11-continued

Models for estimating GFR from different sets of metabolites

Best 14 by stepwise regression (p-value for entry 0.05, exit 0.10)

Source SS df MS Number of obs = 188
Model 30.6143528 14 2.18673948 F(14,173) = 143.27
Residual 2.64058286 173 015263485 Prob > F = 0.0000
Total 33.2549356 187 17783388 R-squared = 0.9206
Adj R-squared = 0.9142
Root MSE = 12355
loggfr_avg Coef. Std. Err. t P> 1Itl  [95% Conf. Interval]
logbio__ 545  -.2962129 .0639477  -4.63.000 —4224309 -.1699948 X-11564 1
logbio_ 186  -.2632994 0566509  —-4.63.000 - 3751153 -.1514835 C-glycosyltryptophan®* 2
logbio_399  -.034826 .0159617  -2.18.030 -.0663308 -.0033212 p-cresol sulfate 37
logbio__359  -.0999066 .0340143  -2.94.004 -.1670431 -.0327701 myo-inositol 14
logbio__514  -.0621536 .0206351 -3.00.003 -.1028826 -.0214247 X-02249 48
logbio_576  -.0801229 .0263476  -3.04.003 -.1321271 -.0281187 X-12104 17
logbio_363  -.0383981 .0202832  -1.80.060 -.0784325 .0016364 N-acetyl-1- 30
methylhistidine*®
logbio__ 64 0924565 .0219177 4.22.000 0491958 .1357171 2-hydroxybutyrate 768
(AHB)
logbio__801  -.0753593 .017858 -4.22.000 -.1106069 -.0401117 X-18914 733
logbio_ 565 0594912 0228072 2.60.010 0144751 1045074 X-11880 763
logbio__746  -.2081663 .0645693  -3.20.002 -.3356113 -.0807213 X-17299 4
logbio__714 1094817 0586206 1.80.064 -.0062221 2251854 X-16394 10
logbio_179 0794282 0341929 2.32.021 0119394 1469171 betaine 771
logbio_ 28 0312802 .0145216 2.16.033 0026178 .0599426 1- 735
myristoylglycerophos-
phocholine (14:0)
_cons 3.819721 .011938  319.96.000 3.796158  3.843284
Best 15 with age and sex by stepwise regression (p-value for entry 0.03, exit 0.10)
Source SS df MS Number of obs = 188
Model 31.0489477 17 1.82640869 F(17, 170) = 140.75
Residual 2.20598799 170 0129764 Prob > F = 0.0000
Total 33.2549356 187 17783388 R-squared = 0.9337
Adj R-squared = 0.9270
Root MSE = 11391
loggfr avg Coef. Std. Err. t P> Itl  [95% Conf. Interval]
sex -.0640739 .0222685 -2.88 0005 -.1080323 -.0201155
logbio_545  -3716149 .0604945 -6.14 0000 -.4910321 -.2521976 X-11564 1
logbio__186  -2454109 0546347 -449 0000 -3532608 -.1375611 C-glycosyltryptophan* 2
legbio_746  -.1211033 .0402948 -3.01 0.003 -.2006459 -.0415608 X-17299 4
logbio_ 26 -.0576107 .016334  -3.53 0.001 -.0898543 -.0253671 1-methylhistidine 22
logbio_435  -.0951873 .0420478 -2.26 0025 -.1781904 -.0121843 pseudouridine 3
age -.0049483 .001 -4.95 0.000 -.0069223 -.0029743
legbio__179 1095119 .0347806  3.15 0.002 0408545 1781693 betaine 771
logbio_ 64 0893123 .0218164  4.09 0.000 0462462 1323783 2-hydroxybutyrate 768
(AHB)
logbio_28 0467959 0132206  3.54 0.001 0206981 0728936 1- 735
myristoylglycerophos-
phocholine (14:0)
logbio__801  -.0528736 .0169833 -3.11 0.002 -.0863989 -.0193483 X-18914 733
logbio_ 565 0613779 .0214267  2.86 0005 0190813 .1036745 X-11880 763
logbio__514  -.0775763 .0208573 -3.72 0.000 -.1187489 -.0364037 X-02249 48
logbio_525 1037361 0408685 254 0012 0230611 1844112 X-11423 11
logbio__69 -.081077 0282899 -2.87 0005 -.1369217 -.0252322 2-hydroxyisobutyrate 25
logbio_ 625 0532433 0222128 240 0018 0093948 0970918 X-12822 46
logbio_214  -.1340897 .0640747 -2.09 0038 -.2605743 -.0076051 creatinine 13
__cons 4.218622  .0655063 6440 0.000 4.089311 4347933
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TABLE 12

Models for estimating GFR from different sets of metabolites - limited to KNOWN metabolites

Top 10 metabolites by rank of the correlation with average mGFR:

Source SS df MS Number of obs = 188
Model 29.3625599 10 2.93625599  F(10,177) = 133.52
Residual 3.89237572 177 021990823 Prob >F = 0.0000
Total 33.2549356 187 17783388 R-squared = 0.8830
Adj R-squared = 0.8763
Root MSE = 14829
loggfr avg Coef. Std. Err. t P>t [95% Conf. Interval] rank
logbio__18  -.3727788  .0682989 -5.46 0.000 -.5075638 -.237993% C-glycosyltryptophan* 1
logbio_435  -.1794846  .0523% -3.4