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ABSTRACT
Noninvasive diagnosis and prognostication of acute cellular rejection in the kidney allograft may help realize the
full beneﬁts of kidney transplantation. To investigate whether urine metabolites predict kidney allograft status,
we determined levels of 749 metabolites in 1516 urine samples from 241 kidney graft recipients enrolled in the
prospective multicenter Clinical Trials in Organ Transplantation-04 study. A metabolite signature of the ratio of
3-sialyllactose to xanthosine in biopsy specimen-matched urine supernatants best discriminated acute cellular
rejection biopsy specimens from specimens without rejection. For clinical application, we developed a highthroughput mass spectrometry-based assay that enabled absolute and rapid quantiﬁcation of the
3-sialyllactose-to-xanthosine ratio in urine samples. A composite signature of ratios of 3-sialyllactose to
xanthosine and quinolinate to X-16397 and our previously reported urinary cell mRNA signature of 18S ribosomal
RNA, CD3« mRNA, and interferon-inducible protein-10 mRNA outperformed the metabolite signatures and the
mRNA signature. The area under the receiver operating characteristics curve for the composite metabolite–
mRNA signature was 0.93, and the signature was diagnostic of acute cellular rejection with a speciﬁcity of 84%
and a sensitivity of 90%. The composite signature, developed using solely biopsy specimen-matched urine
samples, predicted future acute cellular rejection when applied to pristine samples taken days to weeks before
biopsy. We conclude that metabolite proﬁling of urine offers a noninvasive means of diagnosing and prognosticating acute cellular rejection in the human kidney allograft, and that the combined metabolite and mRNA
signature is diagnostic and prognostic of acute cellular rejection with very high accuracy.
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Kidney transplantation is the preferred treatment for patients
with end stage renal disease, but acute rejection, a frequent and
serious post-transplant complication, undermines realization
of the full beneﬁts of this intervention. The invasive allograft
biopsy performed to diagnose acute rejection has become safer
over the years, but bleeding and graft loss still occur following a
biopsy. Sampling errors and inter-observer variability in
biopsy readings pose challenges and the feasibility and cost
of repeated biopsies needed to capture anti-allograft immunity
are major drawbacks. Development of noninvasive biomarkers
of acute rejection is therefore a major objective of the ﬁeld.
The multicenter, NIH-sponsored Clinical Trials in Organ
Transplantation-04 (CTOT-04) investigated whether mRNA
levels in urinary cells collected at the time of biopsy are
diagnostic of acute rejection and whether mRNA proﬁles of
sequential urine specimens obtained at clinically stable time
points predict the future development of acute rejection.1 Data
from the CTOT-04 study demonstrated that a 3-gene signature of 18S rRNA and 18S-normalized CD3« mRNA and IP-10
mRNA (mRNA signature) in urinary cells discriminated acute
cellular rejection (ACR) biopsies from biopsies without features of rejection (No Rejection biopsies). Furthermore, there
was a sharp and signiﬁcant rise in the diagnostic signature
score during the weeks prior to an ACR biopsy.1 However,
despite the progress toward noninvasive characterization of
kidney allograft status by mRNA proﬁling of urine from kidney graft recipients,1,2 there remains huge potential for further
progress by probing the small molecule composition of these
urines for ascertaining kidney allograft status.3
Metabolomics aims to measure all relevant small molecules
(metabolites),3–8 and nontargeted metabolite proﬁling allows
for the relative quantiﬁcation of hundreds of metabolites in
small volumes of biologic specimens such as urine. As both intermediate and end point markers of diverse biologic processes
in the human body, observations of altered metabolite concentrations provide access to functionally relevant read-outs of perturbed disease-associated pathways in human metabolism.9–12
In this investigation, we used cell-free urine supernatants
collected from the kidney transplant recipients enrolled in the
CTOT-04 study to conduct a large-scale study of the urine
metabolome to investigate whether urine metabolite proﬁles
are diagnostic and prognostic of ACR. We further examined the
diagnostic and prognostic performance of a combination of
metabolites and the previously identiﬁed urinary cell mRNA
signature. Finally, we developed a targeted high-throughput
metabolomics assay for measurement of the identiﬁed metabolite signature in the clinical setting.

RESULTS
Urine Samples for Metabolomics

From a total of 4300 urine samples prospectively collected from
the 485 kidney graft recipients (patients) enrolled in the parent
CTOT-04 study, we selected 1518 urine samples from 242
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CLINICAL RESEARCH

patients for metabolomics (Figure 1) to include: (1) all 298
urine samples matched to 298 kidney allograft biopsies (urine
samples collected from 3 days before to 1 day after the biopsy);
(2) all 808 sequential urine samples preceding a biopsy diagnosis; and (3) all 412 urine samples from clinically stable patients who provided .10 sequential samples in the ﬁrst 400
days of transplantation. We obtained high-quality data for
1516 urine samples from 241 kidney allograft recipients after
exclusion of one patient and two samples (see Supplemental
Material for details) regarding 749 different metabolites from
65 metabolic pathways, including 368 metabolites of unknown identity (Supplemental Table 1).
Urine Metabolites and ACR

Metabolite data from 50 urine samples matched to 50 ACR
biopsies from 36 patients and 198 urine samples matched to
198 No Rejection biopsies from 149 patients were analyzed to
determine whether metabolite proﬁles distinguish ACR biopsies from No Rejection biopsies.
Supplemental Table 2 lists the characteristics of transplant
recipients, such as age, gender, ethnicity, race, and BMI. Among
the 50 ACR biopsies graded using the Banff schema, 23 were
graded as ACR grade IA, 11 as ACR grade IB, 12 as ACR grade
IIA, 3 as ACR grade IIB and 1 as ACR grade III. The 198 biopsies
classiﬁed as No Rejection biopsies did not show histologic
features of ACR, AMR, borderline, bacterial infection/
pyelonephritis, cytomegalovirus, polyomavirus type BK /polyoma
nephropathy or post-transplant lymphoproliferative disease.
However, several of the No Rejection biopsies displayed histologic changes consistent with ATN (n=79), tubular atrophy
(n=75), interstitial ﬁbrosis (n=67), glomerulosclerosis (n=30),
vascular narrowing (n=20), calcineurin inhibitor toxicity
(n=18), and/or recurrent disease (n=2). Also, several of the biopsies showed more than one histologic abnormality such as the
presence of both interstitial ﬁbrosis and tubular atrophy.
Kidney allograft function, measured at the time of biopsy,
showed that the graft function was signiﬁcantly inferior in the
ACR biopsy group compared with the No Rejection biopsy
group. As summarized in Supplemental Table 2, the mean (6
SD) serum creatinine level at the time of kidney allograft biopsy
in the ACR biopsy group was 3.762.9 mg/dl (number of measurements = 37) and was 2.562.3 mg/dl (number of measurements = 146) in the No Rejection biopsy group (Mann–Whitney
P,0.001), and the mean (6SD) estimated glomerular ﬁltration
rate (eGFR) in the ACR biopsy group was 30617 ml/min per
1.73 m2 (number of measurements=37) compared with 43623
ml/min per 1.73 m2 (number of measurements=146) in the No
Rejection biopsy group (Mann–Whitney P=0.003).
We also analyzed metabolite data from urine samples matched
to antibody-mediated rejection, borderline changes, polyomavirus type BK nephropathy or other biopsy ﬁndings. Due to the
small group sizes and the resulting lack of statistical power, results
from these analyses are not included in this report.
Table 1 lists all metabolites and ratios of metabolites in
urine that distinguished ACR biopsies from No Rejection
Kidney Transplant Metabolomics
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Figure 1. Selection of urine samples for metabolomics. From a total of 4300 urine
samples prospectively collected from the 485 kidney allograft recipients (patients)
enrolled in the parent CTOT-04 study, 1518 urine samples were selected for metabolite
analysis to include the following urine samples: (1) all biopsy-matched urine samples,
298 samples matched to 298 kidney allograft biopsies performed in 190 patients
(urine samples collected from 3 days before to 1 day after the biopsy); (2) all 808
sequential samples from 112 patients that preceded a ﬁrst biopsy classiﬁed using
Banff classiﬁcation schema as acute cellular rejection, antibody-mediated rejection,
borderline changes, or other, and sequential samples that preceded No Rejection
biopsies; and (3) all 412 sequential samples from 40 patients with stable graft function
and who had at least 10 sequential samples collected in the ﬁrst 400 days of transplantation and with sufﬁcient RNA for urinary cell mRNA proﬁling. The kidney allograft
recipients designated as patients with stable graft function did not undergo biopsy
during the 400 days of transplantation and met the following additional criteria: (1)
average serum creatinine #2.0 mg/dl [180 mmol/l] at 6, 9, and 12 months following
transplantation, (2) no treatment for acute rejection, and (3) no evidence of cytomegalovirus or polyomavirus type BK infection. Among the 1518 urine samples selected for metabolomics, one biopsy-matched urine sample from a patient with a No
Rejection biopsy result was excluded from further analysis because of failed osmolality
measurements, and one nonbiopsy-associated sample from a patient with other biopsy ﬁndings did not contain sufﬁcient cell-free supernatant for nontargeted metabolite analysis. After exclusion of these two samples, high-quality metabolite data from
1516 samples collected from 241 kidney patients were available for data analysis. The
number of patients in the three categories listed under the metabolomics exceeds 241
unique patients because several patients had multiple urine samples and contributed
urine samples to more than one category, i.e., the same patient contributing biopsymatched urine sample as well as sequential urine samples and thereby counted in
each category. A total of 2782 urine samples collected during the parent CTOT-04
study were excluded from nontargeted metabolite analysis because: (1) the urine
samples were not matched to biopsy specimens or were collected following a biopsy
(1074 specimens from 187 patients), (2) had unstable allograft function and no biopsy
or were lost to follow-up (272 urine samples from 63 patients), or (3) had stable graft
function but had less than 10 sequential samples collected in the ﬁrst 400 days of
transplantation; urine samples collected after 400 days and with insufﬁcient RNA for
mRNA proﬁling are also included in this group of 1436 specimens from 180 patients.
The number of patients in the three categories excluded from metabolomics exceeds
243 unique patients because several patients had multiple urine samples and contributed urine samples to more than one category and thereby counted in each category. The colored boxes denote urine samples included for (green box) or excluded
from (red box) urine metabolomics analysis.
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biopsies at a false discovery rate of 5%.13
Supplemental Tables 3 and 4 provide all
nominally signiﬁcant associations (i.e.,
with no adjustment for the number of
tests) by linear regression (Supplemental
Table 3) or logistic regression (Supplemental Table 4).
The ratio of the concentrations of the
metabolites 3-sialyllactose to xanthosine
(3SL/X) in the urine supernatant was
strongly associated with ACR (P=5.031028)
and this ratio had the highest increase in the
strength of association (P-gain=2.03105,
compared with the association of the single
metabolites in the ratio; for a deﬁnition of
the P-gain statistic see Methods and
Petersen et al.14). The 3SL/X ratio was statistically signiﬁcant even under conservative Bonferroni correction of the P value
and the P-gain.
The diagnostic signature of the ratio of
3SL/X was not associated with age (P=0.95,
Spearman rank-order correlation), gender
(P=0.52, Mann–Whitney test), or ethnicity
(P=0.19, Kruskal–Wallis analysis of variance). The signature was only weakly associated with eGFR (P=0.054, Spearman
rank-order correlation, rs=20.168) and
the 3SL/X ratio continued to be diagnostic
of ACR after adjusting for eGFR.
A Composite Metabolite Signature of
ACR

The ratio of 3SL/X showed by far the strongest
P-gain and was therefore considered the
prime candidate for a metabolite signature.
After controlling for the 3SL/X ratio in a logistic regression model predicting ACR, the
next strongest independent predictor of ACR
was the ratio of quinolinate to X-16397, a
metabolite of unknown identity. Analysis of
the receiver operating characteristics (ROC)
curve showed that the area under the curve
(AUC) for 3SL/X was 0.75, and the signature
at the Youden index15 based cut-off was diagnostic of ACR with a speciﬁcity of 76%
and a sensitivity of 59% (Table 2). The ratio
of quinolinate to X-16397 also showed a
strong association in the logistic regression
model and a linear combination of the ratios
of 3SL/X and quinolinate to X-16397 increased the AUC from 0.75 to 0.81 and the
Youden index from 36% to 53% (Table 2).
We examined whether any of the other
metabolites and metabolite ratios reported
J Am Soc Nephrol 27: 626–636, 2016
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Table 1. Metabolite ratios and metabolite concentrations distinguishing ACR
biopsies from No Rejection biopsies at a FDR of 5%
Metabolite Ratio or Metabolite
3-Sialyllactose/Xanthosine
Neopterin/Xanthosine
3-(3-aminocarboxypropyl) Uridine/Xanthosine
3-Sialyllactose/X-16397d
Quinolinate/X-16397d
Quinolinate/4-hydroxymandelate
Neopterin/X-16570d
Neopterin/N1-Methylguanosine
Proline
Quinolinate
Isoleucine
X-13723d
X-12117d
1,2,3 Benzenetriol sulfate
Leucine
Pipecolate
Paraxanthine
1,5-Anhydroglucitol
X-19434d
Kynurenate
Neopterin
Myo-inositol
Gentisate
Valine
N-Methyl-acetaminophen sulfate 1
Xylitol

Na
242
234
242
247
248
248
235
238
245
247
244
235
242
241
246
239
158
197
126
245
240
248
243
243
175
248

P valuec

betab
0.86
0.90
0.83
0.77
0.89
0.88
0.84
0.83
0.63
0.59
0.58
20.57
0.55
20.55
0.52
0.52
20.63
0.57
0.77
0.51
0.51
0.49
20.50
0.49
0.58
20.47

28

5.0310
2.031028
1.631027
5.931027
7.331029
1.131028
9.731028
1.231027
4.931025
1.831024
2.131024
3.731024
4.931024
5.831024
9.931024
1.131023
1.131023
1.131023
1.331023
1.331023
1.431023
1.731023
1.831023
1.931023
2.531023
2.631023

P-gainc
201,100
72,220
61,644
26,062
25,031
16,954
14,493
11,361
–
–
–
–
—
—
—
–
–
–
–
–
–
–
–
–
–
–

FDR, false discovery rate.
a
N is the number of urine samples with valid metabolite data following analysis of 248 urine samples
from 185 patients matched to either ACR biopsies (number of urine samples=50; number of patients=36) or No Rejection biopsies (number of urine samples=198; number of patients=149). One No
Rejection biopsy-associated sample contained insufﬁcient material for metabolomics, and reduced the
number of urine samples from 199 to 198, and the number of patients from 150 to 149, reported in the
parent CTOT-04 study.1 Urine samples matched to biopsies classiﬁed as borderline changes (number
of urine samples=27; number of patients=25), AMR (number of urine samples=13; number of patients=11) or other biopsies (number of urine samples=9; number of patients=8) were also excluded
from data analysis because the objective was to determine whether urine metabolite proﬁles distinguish ACR biopsies from No Rejection biopsies. The number of patients with a biopsy diagnosis exceeds the 190 patients providing 298 biopsy-matched urine samples because several patients had
multiple biopsies with different biopsy diagnoses.
b
beta is the slope of the linear model ﬁtted to log10-transformed and z-scored metabolite data (ion
counts, coding of the independent variable: 0=No Rejection, 1=ACR).
c
P value and P-gain refer to the linear model metabolite or metabolite ratio=f (ACR); associations listed
here are limited to those with a FDR of ,5% for single metabolite associations. See Supplemental Table
3 for all nominally signiﬁcant associations (i.e., with no adjustment for the number of tests) by linear
regression and Supplemental Table 4 for all nominally signiﬁcant associations by logistic regression.
The top associations that emerged from these alternative statistical analyses were essentially the same,
demonstrating the robustness of the association of metabolite proﬁles with ACR biopsy diagnosis.
d
Any metabolite of unknown structural identity is labeled as X-nnnnn (e.g., X-16397).

in Table 1 outperformed the combined metabolite signature of
the ratios of 3SL/X and quinolinate to X-16397, and none of
the other metabolites or metabolite ratios did.
A Composite Metabolite and the mRNA Signature of
ACR

We investigated the performance characteristics of the newly
discovered metabolite signatures in combination with our
previously established diagnostic signature of 18S rRNA and of
18S-normalized measures of CD3« mRNA and IP-10 mRNA
J Am Soc Nephrol 27: 626–636, 2016
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in urinary cells. For consistency in the
comparisons between the metabolite signatures and the mRNA signature we only
used urine samples for which both metabolite and mRNA data were available for all
computed signatures. Supplemental Tables
5 and 6 provide metabolite association data
when samples without mRNA data were
excluded.
To identify the combined metabolite- and
mRNA-based signature, we performed a logistic regression analysis with ACR=f(Mi,
mRNA signature), where Mi represents a
log-scaled metabolite concentration or a
log-scaled ratio between two metabolite concentrations. The log-scaled ratio of 3SL/X
had the highest log-odds ratio (1.34,
P=1.631026) after inclusion of the mRNA
signature in the model and thus represented the best candidate for a combined metabolite–mRNA signature (Supplemental
Table 7). We selected the linear combination between log (3SL/X) and the mRNA
signature that maximized the AUC. The
resulting combined metabolite–mRNA
signature was:
mRNA-signature þ 1:1164 logð3SL=XÞ:
Compared with the mRNA signature alone
(AUC=0.84), the combined metabolite–
mRNA signature had a signiﬁcantly higher
AUC of 0.91 (signiﬁcance determined by
random sampling, an AUC of 0.85 or below was observed in 95% of 1000 random
samplings) (Table 2).
With the mRNA signature and the 3SL/X
ratio included in the logistic analysis, the
quinolinate/X-16397 ratio was the next
strongest predictor. With this additional
metabolite ratio, the resulting combined
signature that maximized the AUC was the
following:

mRNA-signature þ 1:1164 logð3SL=XÞ
þ0:6937 logðquinolinate=X-16397Þ:
This combined two-metabolite-ratios-mRNA signature increased the AUC of the one-metabolite-ratio-mRNA signature
to 0.93 (Table 2). This composite signature was diagnostic of
ACR with a speciﬁcity of 84% and a sensitivity of 90%. Taken
together, these results show that adding metabolite information
to the mRNA signature substantially improves its diagnostic
utility, as indicated by the . 30% increase in the Youden index
Kidney Transplant Metabolomics
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Table 2. Performance characteristics of the metabolite signature, mRNA diagnostic signature and the combined signature
discriminating ACR biopsies from No Rejection biopsies
Signaturea,b

AUC [95%] Speciﬁcity (1-FP, %) Sensitivity (TP, %) Youden index, %

Log(3-sialyllactose/xanthosine)
Log(quinolinate/X-16397)
Log(3-sialyllactose/xanthosine) + 0.9513* log(quinolinate/ X-16397)
mRNA signature
mRNA signature+1.1164* log(3-sialyllactose/xanthosine)
mRNA signature + 0.8932* log(quinolinate/X-16397)
mRNA signature+1.1164* log(3-sialyllactose/xanthosine)+0.6937*
log(quinolinate/X-16397)

0.75 [0.60]
0.71 [0.60]
0.81 [0.77]
0.84 [0.60]
0.91 [0.85]
0.88 [0.85]
0.93 [0.92]

76
88
71
72
82
77
84

59
51
82
85
87
85
90

36
39
53
56
69
62
74

a
The signature that optimizes the AUC is given together [in square brackets] with the largest AUC that can be observed by chance (P=0.05) when the last term of the
signature is randomized in the optimization procedure (95th percentile of 1000 randomizations). Sensitivity and speciﬁcity based on Youden index maximizing the
difference between the true positive (TP) and the false positive (FP) rate for the signatures are listed.
b
To make performance characteristics of the signatures comparable, the values shown in Table 2 were all computed using 198 urine samples from 154 patients
(39 ACR biopsy urine samples from 31 patients and 159 No Rejection biopsy-matched urine samples from 123 patients) that contained both valid metabolite data
and urinary cell mRNA signature score. This resulted in the mRNA signature having slightly different values in the metabolomics study compared with the values
reported in the parent CTOT-04 study in which 43 ACR biopsy-matched urine samples from 34 patients and 163 No Rejection biopsy-matched urine samples from 126
patients were analyzed and the mRNA signature was diagnostic of ACR with a speciﬁcity of 78% and a sensitivity of 79% and the AUC by ROC curve analysis was
0.85.1

from 56% for the mRNA signature alone to 74% for the
combined two-metabolite-ratio-mRNA signature.
Among the 39 ACR biopsies from 31 patients (Table 2), 34
biopsies were for-cause biopsies and ﬁve biopsies were surveillance biopsies. Among the 159 No Rejection biopsies from 123
patients, 104 biopsies were for-cause biopsies and 55 biopsies
were surveillance biopsies. The composite metabolite and
mRNA signature distinguished the 34 for-cause ACR biopsies
from the 104 for-cause No Rejection biopsies (P=1.6310217);
the composite metabolite and mRNA signature distinguished
also the ﬁve surveillance ACR biopsies from the 55 surveillance
No Rejection biopsies (P,0.001).

interval predicted future ACR (Figure 2B), and the mRNA
signature did not outperform either of the two-metabolite
signatures (Figure 2C). A combination of the mRNA signature
and the 3SL/X metabolite signature (Figure 2D) or a combination of the mRNA signature and the 3SL/X and quinolinate/
X-16397 metabolite signatures in urine collected up to 30 days
before a biopsy had the highest speciﬁcity but not the highest
sensitivity for predicting future ACR (Figure 2E). It is important to note that the urine samples analyzed for their prognostic ability are pristine in the sense that they were not
included in the initial step that led to the construction of the
diagnostic metabolite or mRNA signatures and that these predictions are thus free of model bias.

Prognostic Performance of the Signatures

We examined whether the signatures, in addition to being
diagnostic of ACR, predict future occurrence of an ACR. For
this analysis, the day of kidney biopsy was designated as day
0 and a total of 337 urine samples with both urine metabolite
data and urinary cell mRNA data and collected up to 1 year
prior to an ACR biopsy or a No Rejection biopsy were analyzed
to investigate whether the signatures predict future ACR biopsies.
Data from this analysis are illustrated as bean plots (Figure 2). We
chose this kind of data representation over box-and-whisker
plots as it presents individual data points as one-dimensional
scatter plots as well as representing the distribution of data
points by the density shapes.16 The Youden cut-off of the respective signature for distinguishing ACR biopsies from No Rejection biopsies in biopsy-matched urine samples was used to
calculate the sensitivity and the speciﬁcity of the signature at
indicated time intervals and are included in Figure 2.
The ratio of 3SL/X in urine samples collected during 4 days
to 30 days prior to biopsy predicted future development of an
ACR with a speciﬁcity of 72% and a sensitivity of 59% (Figure
2A). The combination signature of ratios of 3SL/X and quinolinate to X-16397 in urine collected during the same time
630
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Longitudinal Analysis in Clinically Stable Patients

A total of 385 sequential urine samples with both metabolite
and mRNA data were analyzed to investigate the characteristics
of the signatures in the ﬁrst year of transplantation in clinically
stable patients (legend to Figure 1 and Supplemental Material
specify the criteria used to classify patients as clinically stable
patients and the rationale for the selection of 40 clinically
stable patients for the longitudinal analysis). Data from the
analysis of sequential urine samples, visualized as bean plots,
show that the signatures are remarkably stable when measured
in urine samples collected 30 days after kidney transplantation
(Figure 3). The signatures’ ability to predict No Rejection biopsies (speciﬁcity) progressively increased over time for all
signatures and a combination of the metabolite signatures
and the mRNA signature performed best, with speciﬁcity
reaching 90% in urine samples collected during post-transplant
days 271–365. It is noteworthy that none of the urine samples
included in this longitudinal analysis were included in the initial
construction of the diagnostic metabolite or mRNA signatures,
and that the predictions shown in Figure 3 are therefore also free
of model bias.
J Am Soc Nephrol 27: 626–636, 2016
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Targeted Assay Development

For clinical application, we developed a high-throughput assay
using robotic solid-phase (RapidFire 365) extraction and quadrupole time-of-ﬂight–tandem mass spectrometry (MS/MS) for
simultaneous absolute quantiﬁcation of urinary 3-sialyllactose
and xanthosine levels – metabolites suggested by our nontargeted
metabolomics-to offer diagnostic and prognostic information regarding ACR. Notably, this novel platform allows for a theoretical
urinary sample throughput of over 5000 samples daily. Because
metabolite proﬁling results found that ACR diagnosis may be best
afforded by considering the ratio of 3SL/X, rather than absolute
metabolite levels, we optimized this platform for high-throughput
ratiometric assay for these analytes (detailed in Supplemental Material and Supplemental Figure 1). To test the utility of this ratiometric approach, two or three repeated measurements of 3SL/X
ratios were made for each of the 43 ACR biopsy-matched samples
and 163 No Rejection biopsy-matched samples using a fresh, not
previously thawed, aliquot of urine supernatant. The P value for
the association of the ratio of 3SL/X for discriminating ACR biopsies from No Rejection biopsies was P=4.031028 with the targeted RapidFire assay (Supplemental Figure 2), in accord with the
P value obtained following analysis of nontargeted metabolomics
data. The observed correlation between the nontargeted metabolon
data and targeted RapidFire-quadrupole time-of-ﬂight data
was 0.65 (Pearson R) and the Bland–Altman method for

Figure 2. Bean plots, speciﬁcity, and sensitivity of signature
scores in urine samples from patients with kidney allograft biopsies showing either ACR (light red) or No Rejection (normal,
light blue). The day of kidney biopsy was designated as day 0 for
all analyses and data from samples collected up to 365 days prior
to biopsy are shown. Scores of metabolite signatures and the

J Am Soc Nephrol 27: 626–636, 2016

mRNA signature in 159 urine samples matched to 159 No Rejection
biopsies and 39 samples matched to 39 ACR biopsies (biopsymatched urine samples collected 3 days before to 1 day after the
biopsy), 53 urine samples collected during 4 days to 30 days before
the biopsy (36 samples from patients with future No Rejection biopsies and 17 from patients with future ACR biopsies), 88 urine
samples collected during 31 days to 90 days before the biopsy
(68 samples from patients with future No Rejection biopsies and 20
samples from patients with future ACR biopsies), and 196 urine
samples collected during 91 days to 365 days before the biopsy
(139 samples from patients with future No Rejection biopsies and 57
from patients with future ACR biopsies) are shown as thin black lines
in the one-dimensional scatter plot. The distribution of signature
scores are represented by the density shape, and the average for
each distribution is shown as a thick black horizontal line crossing
the contour of the individual bean plot. The red horizontal line
across all bean plots indicates the Youden cut-off of the respective
signature for distinguishing ACR biopsies from No Rejection biopsies in biopsy-matched urine samples. The Youden cut-off was
used to calculate the sensitivity and the speciﬁcity of the signature
for predicting ACR biopsies at the indicated time intervals. (A) Log
ratio of 3SL/X, (B) a combination of log ratios of 3SL/X and quinolinate to X-16397, (C) the 18S rRNA-normalized measures of CD3
mRNA, IP-10 mRNA, and 18S rRNA signature (mRNA signature), (D)
a combination of the log ratio 3SL/X and the mRNA signature, and
(E) a combination of log ratios of 3SL/X and quinolinate to X-16397
and the mRNA signature. To present comparable datasets, urine
samples with valid data for all ﬁve signatures in each of the time
intervals analyzed were included to generate the bean plots.
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comparison17 showed that only 12 samples (6%) were beyond
the 95% limit of agreement (Supplemental Figure 3). We
could not develop a targeted assay for measuring the quinolinate/X-16397 ratio in view of the unknown structural identity of X-16397.

DISCUSSION

Promising results that metabolite proﬁles may serve as biomarkers
of native kidney disease and of kidney allograft status have been
reported.18–20 To our knowledge, the investigation summarized
in this report is the largest prospective study of metabolite proﬁling of urine from kidney graft recipients, and also the ﬁrst one
to investigate the diagnostic accuracy of a composite signature of
metabolites and mRNAs in urine.
We used a comprehensive combination of nontargeted liquid
chromatography (LC)-MS/MS and gas chromatography (GC)MS based metabolomics platforms to analyze 1516 urine samples
from 241 kidney allograft recipients, and found metabolite
signatures diagnostic of ACR. Moreover, the metabolite signature
of the ratios of 3SL/X and quinolinate to X-16397 was complementary to the information contained in the mRNA signature,
resulting in a composite metabolite–mRNA signature that was
diagnostic of ACR with high accuracy. The composite metabolite
and mRNA signature was diagnostic of ACR in patients who underwent for-cause biopsies and in patients who underwent surveillance biopsies. Applied to urine samples taken 4 to 30 days
prior to biopsy, the signatures developed using only biopsymatched urine samples predicted future ACR in pristine samples.

Figure 3. Bean plots and speciﬁcity of signature in sequential urine
samples from 40 clinically stable patients. In the parent CTOT-04
study, sequential urine samples were collected on post-transplant
days 3, 7, 15, and 30 and in months 2, 3, 4, 5, 6, 9, and 12. Criteria for
classiﬁcation as patients with stable graft function are listed in the
legend to Figure 1. Scores of metabolite signatures and the mRNA
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signature in the 56 urine samples collected during the ﬁrst week of
transplantation (0–7 days), 29 urine samples collected during week
2 post-transplant (8–14 days), 45 urine samples collected during
post-transplant weeks 3 to 4 (15–30 days), 77 urine samples collected during post-transplant months 2 and 3 (31–90 days), 103
urine samples collected during months 4 to 6 post-transplant (91–
180 days), 36 urine samples collected during months 7 and 9 posttransplant (181–270 days), and 40 urine samples collected during
months 10 and 12 post-transplant (271–365 days) are shown as thin
black lines in the one-dimensional scatter plot. The distribution of
signature scores is represented by the density shape, and the average for each distribution is shown as a thick black horizontal line
crossing the contour of the individual bean plot. The red horizontal
line across all bean plots indicates the Youden cut-off of the respective signature for distinguishing ACR biopsies from No Rejection biopsies in biopsy-matched urine samples and the Youden
cut-off was used to calculate speciﬁcity of the signatures. (A) Log
ratio of 3SL/X, (B) a combination of log ratios of 3SL/X and quinolinate to X-16397, (C) the 18S rRNA-normalized measures of
CD3 mRNA, IP-10 mRNA, and 18S rRNA signature (mRNA signature), (D) a combination of the log ratio 3SL/X and the mRNA signature, and (E) a combination of log ratios of 3SL/X and quinolinate
to X-16397 and the mRNA signature.
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Multivariate machine learning techniques and nonlinear
ﬁtting algorithms have been applied in biomarker searches.
However, based on our experience analyzing data from metabolomics, and also to avoid the risk of over-ﬁtting the data, we
believe that metabolites showing a strong association in a linear
univariate model are generally the most robust candidate clinical
biomarkers.21 Also, the more metabolites that enter a metabolomicsbased signature, the higher are the chances that one of the measurements may fail (e.g., due to ion suppression in the presence
of other metabolites) and thereby invalidate the entire signature.
We therefore chose not to use more sophisticated biomarker
discovery algorithms at this point.
Most essential for clinical application, we demonstrate that
our metabolite marker, which was identiﬁed on a nontargeted
metabolomics platform in a research setting, can be translated
into a clinically applicable assay. This represents an important
step toward the establishment of a clinically applicable, noninvasive biomarker of ACR, the most common type of acute
rejection in kidney graft recipients. Our use of ratios of two urine
metabolites (e.g., 3SL/X) eliminates the problem of normalization and thus renders the biomarker more robust and easily
applicable in the clinic. As we have previously noted21 and demonstrated here, ratios of metabolite concentrations can be developed efﬁciently into a targeted mass spectrometric assay as the
ratio of two metabolite-speciﬁc fragmentation patterns, thereby
obviating the need for measurement of an external calibration
standard, such as urine creatinine or osmolality.
From a clinical perspective, our ﬁnding that the diagnostic
signatures are remarkably stable in sequential urine samples
collected from clinically stable patients raises the possibility
that these signatures could help reduce the need for surveillance biopsies in this patient population. Our additional
ﬁnding that the signatures cross the diagnostic threshold
during the month prior to an ACR biopsy suggests that the
signature could trigger a biopsy prior to changes in renal
allograft function and help initiate pre-emptive anti-rejection
therapy.
Our study, for the ﬁrst time, links 3-sialyllactose to kidney
allograft rejection. Proinﬂammatory (e.g., stimulation of
CD11c+ dendritic cells22) as well as anti-inﬂammatory (e.g.,
inhibition of cholera toxin23) properties have been ascribed to
this sialylated component that is also found in milk
(HMDB00825). Also, sialyllactose may represent a molecular
recognition pattern for dendritic cell capture24 and contribute
to alloantigen presentation and triggering of acute rejection.
Changes in sialyllactose levels have been noted in cells grown
under bioenergetic or oxidative stress (S. Gross, unpublished
observations), and their increased levels during ACR may represent aberrant membrane glycolipid metabolism in immune
and/or kidney parenchymal cells.
Quinolinate is a product of tryptophan metabolism and is
generated from kynurenine via a spontaneous, nonenzymatic
reaction, and then oxidized by quinolinate phosphoribosyltransferase to nicotinic acid ribonucleotide, nicotinic acid
adenine dinucleotide and nicotinamide adenine dinucleotide
J Am Soc Nephrol 27: 626–636, 2016
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(NAD+).25 Quinolinate, by serving as a precursor for the biosynthesis of NAD+, may help meet the metabolic demands of
activated immune cells contributing to ACR.
Xanthosine is a nucleoside derived from the purine base
xanthine and ribose. Xanthine monophosphate is produced by
inosine monophosphate dehydrogenase (IMPDH) and is
obligatory for proliferation of Tand B cells. IMPDH inhibition
by mycophenolic acid is a key mechanism by which mycophenolic acid reduces the incidence of acute rejection.26,27
A potential mechanism for the lower level of xanthosine during
ACR is inefﬁcient inhibition of IMPDH leading to efﬁcient
conversion of IMP to guanosine and consequent lack of substrate
for xanthine biosynthesis.
Each year 15,000 or more kidney transplants are performed
in the United States alone, and with an estimated incidence of
0.4 biopsies/patient during the ﬁrst year of transplantation, the
charges for performing 7000 or so biopsies in kidney graft
recipients during the ﬁrst year of transplantation alone can be
estimated to be $21 million, based on the reported charge of
$3000 per biopsy.28,29 Our ﬁnding that noninvasive diagnosis
of ACR is feasible by measurement of just four metabolites
and three transcripts in urine (estimated cost of the assay:
$250–$300) has the potential to reduce biopsy-associated
costs. It should be emphasized however that our study focused on patients with biopsy-conﬁrmed ACR and patients
with biopsies without rejection changes, and did not systematically evaluate the diagnostic performance in patients with
allograft dysfunction due to other causes such as AMR or BK
virus nephropathy. Future studies, adequately powered to distinguish patients with commonly observed causes of graft
dysfunction, should help delineate the clinical utility of the
signatures developed in this study.

CONCISE METHODS
Urine Sample Collection
Four hundred and eighty-ﬁve patients with end stage renal disease
were enrolled in the parent CTOT-04 multicenter, prospective
observational study.1 Five clinical sites enrolled the CTOT-04 study
participants (additional information provided in Supplemental Material). Sequential urine samples were collected from the study participants on post-transplant days 3, 7, 15, and 30 and in months 2–6,
9, and 12 and at the time of biopsy. A total of 4300 urine samples were
prospectively collected, and urine pellet and cell-free supernatants
were prepared at each clinical site using a standard protocol. The
urine cell pellets and the supernatants in aliquots were shipped to
Weill Cornell Medical College Core Laboratory and stored at 280°C.
Nontargeted metabolomics and targeted metabolite measurements
were performed on aliquots of supernatants that were never thawed
prior to metabolite analysis. Figure 1 and Supplemental Material provide information regarding sample selection for metabolite analysis.
Supplemental Table 2 is a summary of the characteristics of the patients included in the analysis to develop the metabolite signatures
and the composite metabolite and mRNA signature.
Kidney Transplant Metabolomics
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Metabolite Data Acquisition
Nontargeted metabolomics of urine was performed at Metabolon, Inc.
(Durham, NC). Herein we report the essential steps that Metabolon
performed on a fee-for-service basis for this study. Following receipt of
samples by Metabolon, samples were inventoried and immediately
stored at 280°C. At the time of analysis, samples were extracted and
prepared for analysis using Metabolon’s standard solvent extraction
method. The extracted samples were split into equal parts for analysis
on the GC/MS and LC/MS/MS platforms. Sample preparation was
conducted using a proprietary series of organic and aqueous extractions
to remove the protein fraction while allowing maximum recovery of
small molecules. The resulting extract was divided into two fractions;
one for analysis by LC and one for analysis by GC. The LC/MS portion
of the platform was based on a Waters ACQUITY UPLC and a ThermoFinnigan LTQ mass spectrometer, which consisted of an electrospray
ionization source and linear ion trap mass analyzer. The GC/MS portion
of the platform was analyzed on a Thermo-Finnigan Trace DSQ fastscanning single-quadruple mass spectrometer using electron impact
ionization and operated at unit mass resolving power.

Metabolite Identiﬁcation
The informatics system consisted of four major components, the
Metabolon Laboratory Information Management System, the data
extraction and peak identiﬁcation software, data processing tools for
QC and metabolite identiﬁcation, and a collection of information
interpretation and visualization tools for use by data analysts. Peaks
were identiﬁed using Metabolon’s proprietary peak integration software, and component parts were stored in a separate, speciﬁcally
designed complex data structure. Metabolites were identiﬁed by comparison to library entries of puriﬁed standards or recurrent unknown
entities. More than 3500 commercially available puriﬁed standard
compounds have been acquired and registered into the Laboratory
Information Management System for distribution to both the LC and
GC platforms for determination of their analytical characteristics.
Using the Metabolon platform, we obtained metabolite data (ion
counts) for a total of 1516 urine samples. In total, 749 different metabolites from 65 metabolic pathways, including 368 metabolites of
unknown identity, were identiﬁed on at least one of the three mass
spectrometry-based metabolomics platforms (Supplemental Table 1).
A ﬁrst data normalization step was performed to correct for variation resulting from instrument inter-day tuning differences. Essentially, each compound was corrected in run-day blocks by registering
the medians to equal one and normalizing each data point proportionately. Values were then divided by urine osmolality and log10scaled. Outliers . 4 SDs from the mean were removed. Mean and SD
values were determined on the 5%–95% range of the data for this
purpose. It was rare that . two outlier values were removed from a
metabolite. Finally, the data were z-scaled (mean=0, SD=1).

Statistical Analyses
R and R-studio (R-project, versions 2.12.1 and 3.0.1) and IBM SPSS
(IBM, version 21) were used for statistical analysis. Linear models were
computed using the lm-package, logistic models using the glm-package
(family binomial), and ROC curves using the ROC-package. Linear
regression [Mi=f(ACR status)] and logistic regression [ACR=f(Mi)]
634

Journal of the American Society of Nephrology

were computed for all 749 log-normalized and then z-scored metabolite
data vectors (Mi) for all samples with valid data taken at the time of a
biopsy diagnosed as either ACR (coded 1) or ‘No Rejection’ (coded 0).
Full association data from these analyses are provided in Supplemental
Tables 3 and 4. Similarly, linear and logistic regressions were also computed, limiting the sample set further to samples with both metabolite
data and successful mRNA quantiﬁcation, i.e., samples with available
mRNA signatures. Full association data from these analyses are provided in Supplemental Tables 5–7.
The level of signiﬁcance for association of a metabolite after
Bonferroni correction at a nominal level of signiﬁcance of 0.05 is a
P,6.731025 (=0.05/749). Previous studies suggest that testing all
possible combinations of ratios between metabolite concentrations
may reveal new and biologically relevant associations in an unbiased
approach.30 We therefore included all pairs of metabolite ratios in our
association tests. For the ratios, the signiﬁcance level after Bonferroni
correction is P,1.831027 (=0.05/(749*748/2)). Note that since our
data are log-scaled, the symmetry log(a/b) = 2log(b/a) halves the
multiple testing burden. A ratio between two metabolites of which
one already shows a strong association signal may suggest false positive implication of the other in the association. We therefore also
require the P-gain statistic to be signiﬁcant after Bonferroni correction. The P-gain is deﬁned as the change in the P values of the association of the two single metabolites when compared with their ratio.
An association of a ratio is thus considered signiﬁcant if P-gain .7490
(=10*749) and P value ,1.831027. Due to the inherent correlations
among metabolic traits, the less conservative false discovery rate, introduced by Benjamini-Hochberg13 is generally used in metabolomics studies. In order not to miss metabolites of potential biologic
interest we report associations that are signiﬁcant at the false discovery rate of 5% in Table 1, and all nominal associations in Supplemental
Tables 3–7.

Study Approval
The collection of urine specimens and clinical information were
approved by the institutional review board at each of the ﬁve clinical
sites (Northwestern University Feinberg School of Medicine, New
York Presbyterian Hospital-Weill Cornell Medical Center, Hospital of
University of Pennsylvania, New York Presbyterian Hospital-Columbia
University Medical Center, and University of Wisconsin Hospital and
Clinics). All subjects provided written informed consent prior to
participating in the CTOT-04 study. The authors declare that this
study adhered to the Declaration of Helsinki and Declaration of
Istanbul.
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