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ABSTRACT
Background Developing a noninvasive clinical test to accurately diagnose kidney allograft rejection is
critical to improve allograft outcomes. Urinary exosomes, tiny vesicles released into the urine that carry
parent cells’ proteins and nucleic acids, reﬂect the biologic function of the parent cells within the kidney,
including immune cells. Their stability in urine makes them a potentially powerful tool for liquid biopsy and
a noninvasive diagnostic biomarker for kidney-transplant rejection.
Methods Using 192 of 220 urine samples with matched biopsy samples from 175 patients who underwent a
clinically indicated kidney-transplant biopsy, we isolated urinary exosomal mRNAs and developed rejection signatures on the basis of differential gene expression. We used crossvalidation to assess the performance of the signatures on multiple data subsets.
Results An exosomal mRNA signature discriminated between biopsy samples from patients with all-cause
rejection and those with no rejection, yielding an area under the curve (AUC) of 0.93 (95% CI, 0.87 to 0.98),
which is signiﬁcantly better than the current standard of care (increase in eGFR AUC of 0.57; 95% CI, 0.49 to 0.65).
The exosome-based signature’s negative predictive value was 93.3% and its positive predictive value was 86.2%.
Using the same approach, we identiﬁed an additional gene signature that discriminated patients with T cell–
mediated rejection from those with antibody-mediated rejection (with an AUC of 0.87; 95% CI, 0.76 to 0.97). This
signature’s negative predictive value was 90.6% and its positive predictive value was 77.8%.
Conclusions Our ﬁndings show that mRNA signatures derived from urinary exosomes represent a powerful and noninvasive tool to screen for kidney allograft rejection. This ﬁnding has the potential to assist
clinicians in therapeutic decision making.
JASN 32: 994–1004, 2021. doi: https://doi.org/10.1681/ASN.2020060850

CKD is a major health concern in the Unites States
and worldwide.1 Although patients with ESKD require either dialysis or transplantation to sustain
their life, the latter remains the treatment of
choice.2–4 However, long-term graft survival remains a major challenge, due mostly to acute and
chronic rejection. Although the rate of acute rejection has decreased in the modern era of potent immunosuppression,5 recent reported incidence of
acute rejections in literature ranges from 11% to
26%.6–9 During the ﬁrst year after transplantation,
the incidence of acute rejection is around 7.9%.10
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This has been associated with poor long-term allograft survival.11 The implementation of the Banff classiﬁcation in 1991
provided a valuable tool for histopathologic diagnosis of
kidney-transplant injury and allowed for standardization
when comparing biopsy sample results between different
studies.12 Serum creatinine, eGFR and its increase (expressed
as D eGFR), and urinary protein excretion are traditional biomarkers currently used to monitor the kidney allograft, but
they lack desired sensitivity, speciﬁcity, and predictive ability.13 Kidney allograft biopsy specimens, with histopathologic
evaluation, remain the gold standard in diagnosing acute rejection. However, there are limitations to their use because
biopsies are invasive, costly, and can be associated with significant morbidity.14,15 Several biomarkers have been identiﬁed
as potential noninvasive tools to diagnose early graft rejection,
including CD3ɛ mRNA, IP-10 (CXCL10) mRNA, and 18S ribosomal RNA isolated from urine pellet, described in the
CTOT04 study.8 Urinary CXCL9 mRNA was highly expressed
in patients with acute rejection compared with patients without rejection in multicenter study which included 280 recipients of kidney transplants.16 Recently, donor-derived cellfree
DNA (dd-cfDNA) has been introduced to the clinical practice
as a novel biomarker for graft rejection after solid organ transplantation. Despite results showing good performances in
discriminating active rejection from no-rejection status, ddcfDNA using the currently deﬁned threshold of 1% did not
discriminate well between no rejection and lower grades of
cellular rejection, such as acute cellular rejection (ACR) 1A.7
Exosomes are nanometer-sized vesicles (between 50 and
200 nm) released by cells to mediate cell-to-cell communication by delivering proteins and nucleic acids, such as mRNAs
and microRNAs.17 Exosomes are released into the urine during fusion of the multivesicular body with the apical plasma
cell membrane, or by direct budding of the plasma membrane.18 They carry the parent cells’ surface proteins and nucleic acids and, thus, reﬂect the biologic function of the parent
cell. In the transplanted kidney, exosomes originate from
glomerular podocytes, renal tubular cells, and from the uroepithelium.19 Exosomes shed into the urine and, therefore, represent an easily accessible, noninvasive window into ongoing
pathologic processes within the kidney. We, and others, have
recently shown that urinary exosomes are enriched with proteins derived from immune cells within the kidney transplant
during rejection.20–22 Thus, urinary exosomes can provide
investigators with a unique, concentrated sampling of membrane and cytosolic proteins during allograft rejection, and
can further provide information regarding RNA derived
from cells residing within the kidneys, including inﬁltrating
lymphocytes.
Although there are no data on the association between urinary exosome–derived mRNA signatures and kidney allograft
rejection, mRNA signatures from urinary cell pellets have been
associated with active rejection.23,24 Compared with urinary
mRNA isolated from whole urinary cells, urinary exosomal
mRNA has shown a greater stability due to the encapsulation
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Signiﬁcance Statement
The traditional biomarkers currently used to monitor a kidney allograft for rejection are late markers of injury and they lack sensitivity and speciﬁcity. Allograft biopsies on the other hand, are invasive and costly. The authors describe the discovery and validation
of two urinary exosomal mRNA multigene signatures for the diagnosis of acute T cell–mediated and antibody-mediated rejection
and chronic, active antibody-mediated rejection in recipients of
kidney transplant. Using a clinically validated platform for exosome
isolation and analysis, they demonstrated the high stability of urinary exosomes and the reliability of this approach in monitoring
patients for allograft rejection. One gene signature for all-cause
rejection and another for discriminating T cell–mediated rejection
from antibody-mediated rejection showed high predictive performances and offer clinicians the possibility of new tools for monitoring emergence of rejection in kidney allografts.

within membrane-bound vesicles.25 With recent techniques
incorporating nanoﬁltration, afﬁnity, microﬂuidics, and
tangential ﬂow fractionation, along with many others, it is
possible to isolate exosome-enriched fractions.26 The RNA
transcriptome can be efﬁciently proﬁled in urine exosomes,
and this exosomal RNA has been shown to be a valuable source
for biomarker discovery and integration of these gene signatures into clinical applications.27–29 Urinary exosome RNA
diagnostic assays are being used today, and are even included
in the National Comprehensive Cancer Network guidelines
for early detection of prostate cancer.29–32
Our hypothesis was that the use of the urinary exosome
mRNA gene signature could represent a rapid, noninvasive
assay to diagnose acute rejection in kidney allografts. We included 192 urine samples collected from patients who received
a renal transplant and were undergoing clinically indicated
biopsies at three centers across the Unites States. We measured
mRNA directly from urinary exosomes to identify a speciﬁc
exosome RNA signature for kidney rejection. Whereas previous data identiﬁed a urinary cell mRNA signature,8,24 we report for the ﬁrst time the development of a urinary exosome
mRNA signature in recipients of kidney transplants undergoing T cell–mediated rejection (TCMR) and/or antibodymediated rejection (ABMR).

METHODS
Patient and Sample Information

The study was approved by the institutional review board at
each site, and the patients provided written informed consent
in accord with the Declaration of Helsinki. We enrolled 175
recipients of kidney transplants at the time of a clinically indicated renal biopsy from three renal centers. A total of 220
urine samples were collected from patients with matched biopsy specimens for urinary exosomal mRNA proﬁling.
Among the 175 patients, 44 had repeat biopsies, with 30 patients having two biopsies and seven patients having more
Urinary Exosomes in Transplantation
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than two biopsies. Demographic and clinical characteristics,
and information on the donors, were collected from the medical chart. eGFR was calculated using the Modiﬁcation of Diet
in Renal Disease equation.33 We used the on-site pathologist’s
renal transplant biopsy specimen report to deﬁne active rejection, in accordance with the Banff Working Groups’ criteria.34 We excluded from our primary analysis 23 samples that
were diagnosed as borderline cell-mediated rejection, and ﬁve
samples that were diagnosed with BK virus nephropathy. For
our analyses, we integrated TCMR and acute and chronic active ABMR to form the rejection group, and we distinguished
them from samples that were classiﬁed as having no rejection
on the basis of biopsy specimen reports. Biopsy specimen
reports with a diagnosis of mixed ABMR and TCMR were
grouped with the TCMR subgroup, and those with mixed
borderline TCMR and ABMR were grouped with the ABMR
subgroup.
Detection of Donor-Speciﬁc Antibodies

The presence of anti-HLA antibodies was assessed by LABScreen Mixed (One Lambda Inc., Canoga Park, CA), analyzed
on a Luminex platform. In the event of a positive assay, this
was followed by LABScreen Single Antigen Class I/Class II
(One Lambda Inc.). A normalized mean ﬂuorescence intensity
$3000 for class I or $1000 for class II is considered positive at
our center.
Urinary Exosome Isolation, mRNA Extraction, and
Gene-Expression Analysis

The second voided urine sample was collected on the morning
of the biopsy, and whole urine samples were stored at 280°C.
Three in-house controls were used, consisting of one-pooled
male sample, one-pooled female sample, and one-pooled male
and female sample. Samples were thawed and up to 20 ml
urine was centrifuged to pellet cells and cellular debris at
2000 3 g for 20 minutes before the extraction. Exosomes
were isolated using a urine-exosome isolation kit, as described
previously (Figure 1).29–31 RNA was eluted in 16 ml nucleasefree water, 14 ml of which was used in a 20 ml reversetranscription reaction using the VILO cDNA synthesis kit
(Thermo Fisher).
The ﬁrst round of samples was analyzed using the TaqMan
OpenArray Human Inﬂammation Panel (Thermo Fisher).
This panel consists of 586 TaqMan assays for genes that have
been studied as targets for a range of inﬂammatory diseases,
and it includes 21 endogenous control assays. To prepare the
samples for quantitative PCR (qPCR), 10 ml cDNA was split
into two equal portions and preampliﬁed with two pools of
mixed primers, following the manufacturer’s directions. The
preampliﬁcation reactions were mixed and diluted before
mixing with TaqMan OpenArray Real-Time PCR Master
Mix. Reaction mixes were loaded onto the OpenArray plates
and the plates were run on the QuantStudio 12K Flex RealTime PCR system (Thermo Fisher) using the preset protocol
for this panel.
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On the basis of the initial analysis, a subset of assays was
identiﬁed and plated onto a custom TaqMan OpenArray
panel. This panel consisted of 112 TaqMan assays. For this
panel, 5 ml cDNA was preampliﬁed with a pool of the 112
assays, using the manufacturer’s directions. The preampliﬁcation reactions were diluted before mixing samples with the
TaqMan OpenArray Real-Time PCR Master Mix. Reaction
mixes were loaded onto the OpenArray plates and the plates
were run on the QuantStudio 12K Flex Real-Time PCR system
(Thermo Fisher), using the preset protocol for this panel.
Analysis of samples described here used the 112 TaqMan assays common to all samples.
Statistical Analyses

Genes with data missing from .20% of the samples were
excluded from the analysis. Missing data were imputed using
a nonparametric missing-value imputation.35 The Ct values
from the OpenArray were normalized to PGK1. The Boruta36
algorithm was used to select genes that were most relevant for
prediction.. A support vector machine (SVM) with a radial
kernel was ﬁt to the relevant features using a stratiﬁed repeated
K-fold crossvalidation (K510, repeats510) to generate the
rejection probabilities using the caret package.37 This approach gives a better indication of how well the model will
perform on unseen data compared with just one train-test split
in a hold-out method, which makes it highly dependent on how
the data are split in test and train datasets. The pROC package
was used to generate the receiver-operating-characteristic
curves.38 Associations between clinical and demographic factors
were computed using the t test for continuous variables and the
Pearson chi-squared test for categoric variables. Area under the
curve (AUC) comparison was performed using the DeLong test.
Data reporting and analyses were conducted using R version 3.3.
Two-tailed P values #0.05 were considered statistically signiﬁcant. Sample size was calculated for a negative predictive value
(NPV) and speciﬁcity of 90%, with a 10% width for the 95% CI
at a prevalence of 20%.39 On the basis of this calculation, the
required sample size was estimated to be 173 samples.

RESULTS
Patients’ Characteristics and Biopsy Specimens

A total of 192 urine samples that have matched biopsy specimens were included. Exosomal mRNA showed excellent stability in urine stored at 4°C for 2 weeks. Figure 2 shows the
expression of three targets from eight samples. The stability of
mRNA is critical for developing clinically useful diagnostic
tests because the samples can be safely cold-pack shipped
from the patient’s residence to a central laboratory for analysis,
where they can be either processed immediately or stored at
14°C for up to 2 weeks. Our study included matched urine
samples for biopsy specimens showing TCMR (grades IA, IB,
IIA, IIB) and acute active and chronic active ABMR subgroups
of rejection, on the basis of the Banff classiﬁcation, and we used
JASN 32: 994–1004, 2021
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Figure 1. Simple collection protocol enables ease of use. Urine samples are collected in a standard urine cup at any time during the
day. The exosomes are isolated from the urine sample, followed by an RNA extraction, and RT-qPCR analysis of the target genes. The
relative quantities of each target gene are inputted into an algorithm to generate a single score from zero to one.

the term “active rejection” to distinguish these samples from
other biopsy specimens without rejection. There were 59 biopsy specimens with rejection, and 133 biopsy specimens without rejection (30.7% prevalence). Figure 3 shows the results for
the 192 biopsy specimens that had matched urine samples.
Table 1 shows the baseline characteristics of the study cohorts.
The mean (interquartile range) age of patients with any-cause
rejection was 51.0 (38.0–64.5) years, and 51.6 (40.8–65) years
in patients without rejection. Median (interquartile range)
eGFR levels were 32.85 (22.13–44.56) ml/min per 1.73 m2
in patients with any-cause rejection, and 37.89 (25.95–50.89)
ml/min per 1.73 m 2 in patients with no rejection. The

any-cause rejection group included a higher proportion of patients with previous rejection episodes (P,0.001) and longer
time since biopsy when compared with the group without rejection (P50.02). The difference in the proportion of Black
patients between the groups was NS (P50.47). Among the
any-cause rejection group, 59.3% of cases of rejection were
due to active TCMR, and 40.7% were attributed to ABMR.
Identifying Any-Cause Rejection Signature from
Urinary Exosomes

We compared mRNA from urinary exosomes collected from
patients with biopsy sample–proven, any-cause rejection with
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Figure 2. Urinary exosomal RNA is stable over 2 weeks at 4°C. The urine samples were collected and stored at 4°C for up to 2 weeks.
Exosomes were extracted at different time points, followed by RT-qPCR to analyze the yield and integrity of the RNA. The urinary
exosome RNA (exoRNA) was stable over 2 weeks (average yield from three separate genes). The error bars represent the SD of the
percentage of exosomal RNA yield across three different genes.
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220 Biopsy Samples
175 Patients

28 excluded:
5 BKV
23 Borderline TCMR

Analysis Cohort:
192 biopsies

8 Acute ABMR

59 Any Cause Rejection

133 No Rejection

16 chronic, active ABMR

35 TCMR
17 IA
9 IB
4 IIA
2 IIB
3 chronic TCMR

Figure 3. CONSORT ﬂow diagram and histologic diagnosis of enrolled patients. Of the 220 initially collected samples, 192 were
further analyzed in this cohort.

urine samples from patients without rejection. To identify relevant genes in urinary exosomes that could predict any-cause
rejection, we ﬁrst analyzed the samples using the TaqMan
OpenArray Human Inﬂammation Panel. This panel consists
of 586 TaqMan assays for genes that have been studied as
targets for a range of inﬂammatory diseases, and it includes
21 endogenous control assays. For subsequent analyses, a subset of 112 TaqMan assays was identiﬁed and plated onto a
custom TaqMan OpenArray panel. Given the large number

of investigated genes, we performed feature selection using
Boruta to identify the relevant features. A repeated, stratiﬁed,
K-fold classiﬁcation model (K510, repeats510) with an SVM
using a radial-basis-function kernel was used for classiﬁcation.
The stratiﬁcation ensures there is a similar percentage of samples with rejection in each of the folds. This process is repeated
ten times, with a different randomization in each repeat, to
generate the ﬁnal classiﬁcation model. We used crossvalidation instead of a hold-out method because crossvalidation

Table 1. Baseline characteristics of patients
Characteristic
Age, yr
Female, %
Race, %
White
Black
SCr at biopsy, mg/dl
eGFR ml/min per 1.73 m2
Previous rejection, %
Deceased donor, %
Time to biopsy, d
Thymoglobulin, %
UPCR
DSA, %
PRA, %

Clinical Cohort (n5192)

P Value

No Rejection (n5133)

Any-Cause Rejection (n559)

51.6615.1
32.3

51.0616.2
45.8

0.80a

83.6
16.4
1.8 (1.5–2.6)
37.9 (25.6–50.9)
15.2
43.0
215 (46–1751)
60.5
0 (0–0.28)
18.5
2.0 (2.0–41.25)

88.0
22.0
2.2 (1.7–2.8)
32.9 (22.1–44.6)
42.4
51.9
1250 (295–3063)
69.4
0 (0–1.51)
44.2
25.0 (2.0–61.25)

0.47b
0.47b
0.39a
0.02a
8.23310207b
0.65b
0.02a
0.36b
0.27a
0.002a
0.02a

Data presented as frequencies, mean6SD, and median (interquartile range). All demographic and clinical data are based on the day of biopsy, timed with the urine
collection. SCr, serum creatinine; UPCR, urinary protein-creatinine ratio; PRA, panel-reactive antibody.
a
P values from t test.
b
P values from chi-squared test.
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improves the generalizability of the gene signature by validating the performance on multiple train-test subsets of the data,
and this results in a much more stable estimate of the performance. This allowed us to identify a multigene signature
(CXCL11, CD74, IL32, STAT1, CXCL14, SERPINA1, B2M,
C3, PYCARD, BMP7, TBP, NAMPT, IFNGR1, IRAK2, and
IL18BP) that discriminated biopsy samples with any-cause
rejection from those with no rejection. The AUC was 0.93
(95% CI, 0.87 to 0.98) (Figure 4). To compare the performance of this signature against current clinical practice, we
also generated an AUC for the change (D) in eGFR (D eGFR)
(Figure 4). The AUC for D eGFR for this set of patients was
0.57 (95% CI, 0.49 to 0.65), which was signiﬁcantly inferior
(P,0.001) to the performance of the multigene signature. We
also derived a cut point to rule out any-cause rejection by
optimizing Youden J (Figure 5A). This resulted in an NPV of
93.3% (95% CI, 87.7% to 96.4%) and a sensitivity of 84.7%
(95% CI, 73.5% to 91.8%). The positive predictive value
(PPV) for discriminating active rejection was 86.2% (95%
CI, 75.1% to 92.8%) (Table 2).
We also analyzed the data on donor speciﬁc antibodies
(DSAs) to assess whether the presence of DSAs against HLA
class I or II was associated with an increased risk of ABMR and
of any-cause rejection. As shown in Supplemental Figure 1, the
presence of DSAs has an AUC (95% CI) of 0.72 (0.61–0.83) for
ABMR and 0.64 (0.56–0.72) for any-cause rejection, which are

1.0

Sensitivity

0.8

0.6

0.4

0.2

Exosome [AUC:0.93 (95% CI: 0.87-0.98)]
deltaGFR [AUC:0.57 (95% CI: 0.49-0.65)]

0.0
0.0

0.2

0.4
0.6
1 - Specificity

0.8

1.0

Figure 4. Exosome RNA signature signiﬁcantly outperforms D
eGFR in discriminating any-cause rejection. The receiver-operating-characteristic analysis and AUC is shown for the exosome
RNA signature and compared with D eGFR. The fraction of true
positive results (sensitivity) and the fraction of false positive results (1–speciﬁcity) for diagnosis of any-cause acute rejection are
displayed on the y and x axis, respectively. The AUC for the RNA
signature is 0.93 (95% CI, 0.87 to 0.98) and the AUC for D eGFR is
0.57 (95% CI, 0.49 to 0.65).

JASN 32: 994–1004, 2021

CLINICAL RESEARCH

signiﬁcantly worse than our any-case rejection signature
(P50.03 and P52.2 x 10-9 respectively). Combining D eGFR
with DSA and urinary protein-creatinine ratio did not further
improve the AUC (Supplemental Figure 1).
Discriminating TCMR from ABMR

We also compared the TCMR samples with the ABMR samples
to derive an additional signature to discriminate between these
two forms of rejection. Applying the same optimization and
classiﬁcation approach used for any-cause rejection, we identiﬁed a multigene signature (CD74, C3, CXCL11, CD44, and
IFNAR2) that could distinguish TCMR from ABMR. The AUC
for this signature was 0.87 (95% CI, 0.76 to 0.97) (Figure 6). A
cut point was derived to maximize the NPV and sensitivity to
rule out ABMR (Figure 5B). Samples with a positive signature
for all-cause rejection were analyzed for the second signature.
If the second signature is negative, the patient has TCMR and
ABMR is ruled out with an NPV of 90.6% (95% CI, 75.8% to
96.8%) and a PPV of 77.8% (95% CI, 59.2% to 89.4%). The
sensitivity to discriminate TCMR from ABMR was 87.5%
(95% CI, 69.0% to 95.7%) and the speciﬁcity was 82.9%
(95% CI, 67.3% to 92.0%) (Table 3).
Borderline-Rejection Samples

We then applied our all-cause rejection signature to the urine
samples in our cohort from patients diagnosed with borderline rejection. Follow-up information was available for 18 out
of the 23 samples. One patient was excluded from the analysis
for having recurrent glomerulopathy in addition to the histologic diagnosis of borderline rejection. Among the eight samples from patients with borderline rejection who showed a
predicted negative signature of all-cause rejection, only two
patients showed a decrease in eGFR of .30%, 12 months after
biopsy. One of those two patients developed TCMR 1B and
BK-virus nephritis less than a year later, and the other patient
developed TCMR 1A on two subsequent biopsies, 1 and
3 months later. The other six patients remained stable with
no change in eGFR (,5% change) or development of proteinuria, and they did not need any further intervention. Among
the nine samples from patients with borderline rejection who
showed a predicted positive signature, only three patients remained with stable eGFR (,5% change) and no proteinuria at
12 months postbiopsy. The other six patients had either a decrease in eGFR of .30% (two patients) and/or persistent proteinuria (ﬁve patients, urinary protein-creatinine ratio .0.9).
It is important to note that borderline-rejection samples were
not used in the development of the all-cause rejection signature, and the signature is only meant to diagnose ongoing rejection and not act as a predictor of rejection.

DISCUSSION

In this study, we report a noninvasive test to detect active
kidney-transplant rejection from urine samples of patients
Urinary Exosomes in Transplantation
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Figure 5. Waterfall plot of the urinary exosome gene scores demonstrates the high NPV of the exosomal RNA signature. The blue
dotted line represents the score cutoff for each of the gene signatures. (A) Discriminating any-cause rejection from no rejection (red
bars denote samples that have clinical rejection). (B) Discriminating ABMR from TCMR (red bars denote samples with ABMR).

suited for diagnostic assays. We analyzed 112 target genes by
TaqMan qPCR across all samples, using the OpenArray platform, and identiﬁed an exosomal mRNA signature that
signiﬁcantly correlates with active rejection. The mRNA signature was developed using an SVM classiﬁer with a radialbasis-function kernel. An SVM classiﬁer was chosen due to
underlying nonlinearity of the data and its ability to better
handle outliers. Stratiﬁcation was chosen to ensure that all
of the different folds had the same proportion of rejected samples to minimize any bias due to the underlying prevalence of
rejection in the dataset. We also chose crossvalidation instead
1.0

0.8

0.6
Sensitivity

undergoing a for-cause biopsy, with diverse pathologic diagnosis including both ABMR and cellular-mediated rejection.
We decided to exclude the borderline cellular-rejection samples because many studies have shown that borderline cellular
rejection represents a heterogeneous group that ranges from
insigniﬁcant inﬂammation to a clinically signiﬁcant cellular
rejection resulting in histologic consequences.40 Furthermore,
the immunologic and clinical signiﬁcance of borderline rejection is still a subject of debate in the transplant community.41
We used a clinically validated exosome isolation platform,
which has been used for the ExoDx Prostate (Intelliscore)
test and has been performed on .50,000 patients to date.29–31
This platform also enabled isolation and analysis of mRNA
signatures in urinary exosomes to predict any-cause active rejection in patients with kidney transplant at the time of allograft biopsy. Compared with exosomal proteins, RNA is well
protected inside the vesicle and can be stably assessed from
urine samples even after prolonged storage, whereas urine
samples for exosomal protein study can only be safely stored
for about 12 hours,20 because proteins that are associated with
the outer membrane are exposed to protease activity. Also, it is
sometimes more challenging to robustly assess and discriminate exosome proteins from free proteins (or those sticking
nonspeciﬁcally to the outside of the vesicle). RNA detection
methods (such as RT-qPCR used here) is highly sensitive
down to single-copy levels, and RT-PCR is a well-known
method for clinical laboratories and is exceptionally well

0.4

0.2

AUC: 0.865 (0.761–0.970

0.0

Table 2. Gene signature discrimination performance
characteristics for overall rejection
Metric

Performance (95% CI), %

NPV
Sensitivity
Speciﬁcity
PPV

1000

93.3 (87.7 to 96.4)
84.7 (73.5 to 91.8)
94.0 (88.6 to 96.9)
86.2 (75.1 to 92.8)

JASN

0.0

0.2

0.4
0.6
1 - Specificity

0.8

1.0

Figure 6. Exosome RNA signature can accurately discriminate
TCMR from ABMR. Receiver-operating-characteristic curve
showing the fraction of true positive results (sensitivity) and the
fraction of false positive results (1–speciﬁcity) for discriminating
TCMR from ABMR (AUC, 0.87; 95% CI, 0.76 to 0.97).
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Table 3. Gene signature discrimination performance
characteristics discriminating TCMR from ABMR
Metric
NPV
Sensitivity
Speciﬁcity
PPV

Performance (95% CI), %
90.6 (75.8 to 96.8)
87.5 (69.0 to 95.7)
82.9 (67.3 to 92.0)
77.8 (59.2 to 89.4)

of a single training/test split to obtain a more accurate estimate
of the performance of the model, which is not dependent on
how the initial training/test split was generated. This potentially leads to lower variance in the performance of the classiﬁer, leading to a better estimate of future performance on
unseen data.
Both the any-cause rejection signature and the signature to
distinguish between TCMR and ABMR demonstrated excellent correlation with histopathologic diagnosis. The any-cause
rejection signature also demonstrated a higher performance
over the current indicators of allograft function, such as eGFR,
which showed an AUC of 0.57 discriminating active rejection
from nonrejection status. All kidney transplant biopsies in our
cohort were clinically indicated, and 30.7% of these biopsy
specimens revealed active rejection. Considering that reallife active-rejection prevalence is consistently lower than it is
in our study population, 10 and that NPV and PPV are
prevalence-dependent metrics (because NPV increases and
PPV decreases when prevalence decreases), our signature is
expected to show an even higher NPV if it holds up in a stable
disease population. When we adjust the prevalence to 20%, the
NPV will be 96.1%, and, when adjusted to the 7.9% ﬁrst year
incidence for any-cause rejection, NPV will be 98.6% and PPV
will be 54.7%.
Therefore, the urinary exosome RNA assay for any-cause
rejection can potentially be used to avoid unnecessary biopsies
in patients with clinical suspicion of rejection. Whereas the
high NPV suggests that only one in 15 patients would potentially miss a clinically indicated biopsy even at the very high
(30.7%) prevalence in this cohort, the high PPV (86.2%) supports the possibility for patients with active rejection to be
treated on time. The strong performances of urinary exosome
gene signature in discriminating TCMR from ABMR status
(AUC, 0.87; NPV, 90.6%) can help to reﬁne the diagnosis by
ruling out an ABMR and provide the clinicians with useful
information for clinical management decisions (Figure 7).
Most of the genes identiﬁed in our signatures have an established role in immune activation that can explain the rejection process. BMP7 (a protein of the TGFb superfamily)
and the proinﬂammatory cytokines CXCL14, B2M, and IL32
identiﬁed in our all-cause rejection signature have recently
been shown to be signiﬁcantly induced in a kidney transplant
undergoing mixed cellular-mediated rejection and ABMR, as
analyzed by single-cell analysis.42 Similarly, C3 and CXCL11,
identiﬁed in both any-cause rejection and TCMR, have been
found to be upregulated in gene-expression proﬁling in acute
JASN 32: 994–1004, 2021
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allograft rejection in multiple studies.43–46 Although some of
the genes identiﬁed are not known to drive allograft rejection,
such as NAMPT, they have been shown to play a role in inﬂammation and immune-cell activation.47 The PYCARD gene
codes for the ASC protein, which is widely expressed in different cells, including B cells, monocytes, and mature T cells. It
has been described as an adaptor protein that participates in
the inﬂammasome assembly and has been reported to play a
part in different autoimmune processes and in viral and bacterial infections.48,49 Interestingly, our signature that discriminates TCMR from ABMR showed some overlapping with the
any-cause rejection signature. We note that three of these
genes (CXCL11, CD74, and C3) are present in the all-cause
rejection signature, and that two additional genes (IFNAR2
and CD44) can help distinguish ABMR from TCMR. All ﬁve of
these genes which are part of the ABMR/TCMR signature are
signiﬁcantly overexpressed (P,0.05) in ABMR compared
with TCMR.
CD74, the invariant chain of MHC class II, is strongly expressed in cells involved in the presentation of antigens like
dendritic cells, B cells, and macrophages. It also plays a role in
regulating protein trafﬁcking; dendritic-cell migration; and
T-lymphocyte homing, proliferation, and cytokine secretion.50 CD44, a cell surface glycoprotein involved in cell adhesion, migration, and homing,51,52 acts as a coreceptor to
CD74. 53 The IFNAR2 is a subunit of the INFA receptor

Patient being tested for
any-cause Rejection

Patient below cut-point

Yes
NPV=93.3%

Rule out rejection
and continue monitoring

No
PPV=86.2%

TCMR vs ABMR

Patient below cut-point

Yes
NPV=90.6%

TCMR

No
PPV=77.8%

ABMR

Figure 7. Schematic representation of the evaluation chart for
recipients of kidney transplants. Serial monitoring of urinary
exosome could be performed, and clinical management decisions made, according to the positivity or negativity of the
signature.
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coupled to the tyrosine protein kinase JAK1, and that binds to
the latent form of the transcription factors STAT1 or STAT2,
participating in amplifying the production of chemokines,
such as CXCL10.54
Previous studies by Suthanthiran et al.8 have successfully
used mRNA derived from urinary cell pellets to identify potential markers of acute rejection.24 Although cells in urine are
often dead or dying, and RNA within dead cells is quickly
subjected to degradation, the extreme stability of exosome
RNA (stable in urine for 2 weeks) can enable a more robust
diagnostic platform. A more recent biomarker that is currently
used in the clinic is dd-cfDNA. Bloom et al.7 measured the
plasma level of dd-cfDNA and used a threshold of 1% to discriminate patients with allograft rejection status from those
without. Although they were able to show that dd-cfDNA
discriminated an active rejection status with an AUC of 0.74
and an NPV of 84%, samples with grade-IA TCMR did not
reach the 1% threshold.7 In a subsequent study, Huang et al.55
found that the same dd-cfDNA test has not been able to discriminate TCMR from nonrejection status, despite strong performance in ABMR. In contrast to these studies, our any-cause
rejection signature is clearly able to discriminate TCMR from
nonrejection, despite 42.9% of the cases being Banff IA. However, given the complexity of the molecular perturbations during kidney allograft rejection, it is becoming increasingly evident that the combination of multiple biomarkers can
improve the performance of any individual test. In a recent
publication, Sarwal et al.56 used a combination of genomic,
metabolic, and proteomic urinary biomarkers in recipients of
kidney transplants. Similarly, we envision that combining urinary exosomal transcriptomic and proteomic proﬁling can
improve the performance of our current signature.
The strengths of this urinary exosome mRNA study is that
we have (1) been able to unveil a combination of biomarkers
involved in active allograft kidney rejection in a large number
of patients and urine samples, (2) developed a signature that
distinguishes TCMR from ABMR, and (3) showed high predictive performances in our results that will allow the clinical
use of this test to rule out rejection in patients. Assuming a
high prevalence of rejection in a cohort of patients with clinically indicated biopsies, and considering that urine samples
are easy to collect and urinary exosomal mRNA is highly stable, with a good positive predictive value increasing with
higher prevalence, our test can prove useful to also rule in
rejection. This is particularly true in patients with high-risk
biopsies, patients who live far from transplant centers, and in
patients living through pandemics such as coronavirus disease
2019. This is important because we have shown that urine
stored at 4°C maintains stable exosomal mRNA for up to 2
weeks, similar to what has been shown before.29
Integration of urinary exosomes into clinical practice has
emerged in ﬁelds outside kidney transplantation. The world’s
ﬁrst exosome-based diagnostic assay (ExoDx Prostate IntelliScore test) was launched in 2016 and is a prostate cancer test
which uses urinary exosome RNA. The ExoDx Prostate
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IntelliScore test has been validated in two independent, prospective, multicenter studies and in a large utility study, with a
blinded control arm, showing the value of the exosome
platform.29–31 This is the ﬁrst study describing an exosome
mRNA signature for any-cause kidney rejection, and we applied a similar approach as the prostate cancer signature on
urinary exosomes.
There are a few limitations to this study. First, we have
conducted a cross-sectional study and have not collected serial
urine samples, which prevented us from testing how early the
signature can predict rejection before the clinically indicated
biopsy. Second, our study has not included an independent
validation cohort. However, the crossvalidation technique we
used has been shown to improve the variability and
selection bias.
In this report, we show the high-performance characteristics of urinary exosome RNA to discriminate active rejection
from no rejection and ABMR from TCMR. We did not directly
compare how the exosome signature performs compared with
a cell pellet RNA assay; however, the high stability of urinary
exosomes supports the possibility of identifying the nucleic
acid signature more accurately, even without complicated
RNA preservatives in the urine-collection device. Our gene
signatures offer the possibility to provide the clinician with a
new tool to help differentiate causes of graft dysfunction in the
kidney allograft. Further validating studies, with prospectively
collected samples, would help conﬁrm our results in larger
patient cohorts, and evaluate the potentials of this assay for
early detection of kidney allograft rejection.
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Supplemental Figure 1. Receiver-Operating-Characteristic (ROC) curve for any cause rejection and
ABMR. The ROC analysis and area under the curve (AUC) is shown for the DSA in ABMR and in anycause rejection and compared to delta eGFR_DSA_UPCR. The fraction of true positive results
(sensitivity) and the fraction of false positive results (1 – specificity) for diagnosis of any-cause rejection
are displayed on the y-and x-axis, respectively. The AUC for the DSA in ABMR is 0.72 (95% CI 0.610.83), the AUC for DSA in any cause rejection is 0.64 (95%CI 0.56-0.72), and the AUC for delta eGFR
combined with DSA and UPCR is 0.57 (95%CI 0.46-0.69).

