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Transplant rejection is the critical clinical end-point limiting indefinite survival after
histocompatibility antigen (HLA) mismatched organ transplantation. The predominant
cause of late graft loss is antibody-mediated rejection (AMR), a process whereby injury
to the organ is caused by donor-specific antibodies, which bind to HLA and non-HLA
(nHLA) antigens. AMR is incompletely diagnosed as donor/recipient (D/R) matching is
only limited to the HLA locus and critical nHLA immunogenic antigens remain to be
identified. We have developed an integrative computational approach leveraging D/R
exome sequencing and gene expression to predict clinical post-transplant outcome. We
performed a rigorous statistical analysis of 28 highly annotated D/R kidney transplant
pairs with biopsy-confirmed clinical outcomes of rejection [either AMR or T-cell-mediated
rejection (CMR)] and no-rejection (NoRej), identifying a significantly higher number of
mismatched nHLA variants in AMR (ANOVA—p-value = 0.02). Using Fisher’s exact
test, we identified 123 variants associated mainly with risk of AMR (p-value < 0.001). In
addition, we applied a machine-learning technique to circumvent the issue of statistical
power and we found a subset of 65 variants using random forest, that are predictive of
post-tx AMR showing a very low error rate. These variants are functionally relevant to
the rejection process in the kidney and AMR as they relate to genes and/or expression
quantitative trait loci (eQTLs) that are enriched in genes expressed in kidney and vascular
endothelium and underlie the immunobiology of graft rejection. In addition to current
D/R HLA mismatch evaluation, additional mismatch nHLA D/R variants will enhance the
stratification of post-tx AMR risk even before engraftment of the organ. This innovative
study design is applicable in all solid organ transplants, where the impact of mitigating
AMR on graft survival may be greater, with considerable benefits on improving human
morbidity and mortality and opens the door to precision immunosuppression and
extended tx survival.

Keywords: kidney organ transplant, antibody-mediated rejection, exome sequencing, non-histocompatibility
antigen, gene expression, machine learning
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INTRODUCTION

Chronic kidney disease (CKD) is a major public health problem.
As renal function progressively declines in CKD patients over
time, they progress to end-stage renal disease (ESRD), when renal
replacement therapy becomes critical to conserve quality of life.
For all ESRD patients, transplantation (tx) is the preferred treat-
ment, as it provides better patient survival than prolonged dialysis
therapy (1, 2). Tx occurs across histocompatibility antigen (HLA)
barriers and requires life-long immunosuppression, to effectively
suppress donor-specific injurious immune responses, while con-
serving immune recognition to foreign and infectious antigens.
There are several types of graft failure. T-cell-mediated rejection
(CMR) involves T-cell activation and can be effectively treated
with augmentation of immunosuppressive therapies. Antibody-
mediated rejection (AMR) involves B cell and plasma cell acti-
vation resulting in the generation of donor-specific antibodies
(DSA), which bind to HLA and/or non-HLA (nHLA) molecules
on the endothelium. The presence of pre-formed and de novo
(newly formed) DSA, specific to D/R mismatches are major risk
factors for AMR, which results in both acute and chronic tx injury
and is the primary cause of accelerated early and late allograft loss
(3). The major cause of untimely tx failure relates to the extent of
HLA mismatch between donor (D) and recipient (R) (4, 5), with
additional contributory factors such as longer period of dialysis
before tx, ischemia-reperfusion injury at tx, and post-tx exposure
to the fibrosing injury of a class of immunosuppressive drugs that
relate to calcineurin inhibition as their mechanism of action and
non-adherence to immunosuppression therapy.

The current D/R matching for organ tx approach relies on
three major criteria—blood group compatibility, D/R matching
at the major HLA loci for Class I (A/B/C) and Class II (DR/
DP/DQ) for kidney tx, and evaluation of sensitization risk by
evaluation of pre-formed antibodies to major HLA loci. HLA is a
well-characterized complex locus on chromosome 6, formed by a
number of genes encoding the major histocompatibility complex
proteins in humans. In graft rejection, any cell displaying another
HLA type may be seen as an invader by the body’s immune system
resulting in the rejection of the tissue/organ bearing those cells.
Therefore, it is clear that HLA mismatch represents an important
risk factor for kidney graft rejection after tx (6).

Recently, mismatched nHLA antigens between the D/R have
also been recognized to drive immunogenicity and tx rejection
(7-9). In fact, the important role of mismatched nHLA antigens
in driving graft injury can be specifically recognized given that
acute rejection can occur even in very well HLA matched and
even HLA-identical kidney tx (10, 11). Unfortunately, specific
nHLA immunogenic antigenic D/R mismatches, which may
increase the risk of rejection after tx, are difficult to predict, and
are as yet, poorly defined.

The publication of human genome data and the availability
of novel tools for high-dimensional sequencing of DNA in
donors and recipients presents an unprecedented opportunity to
improve the D/R matching in organ tx and to extend this analysis
to both major and minor (nHLA) HLA epitopes. Genetic asso-
ciation studies of candidate genes that are linked to tx rejection
have reported single-nucleotide polymorphisms (SNPs) in

genes encoding cytokines, chemokines, toll-like receptors, and
VEGF (12). Population-based assessments suggest a familial
component to rejection-free tx course (13) and a recent GWAS
study (14) identified two loci (PTPRO and CCDC67) as associ-
ates with a specific phenotype of CMR. In addition, amino acid
mismatches in transmembrane proteins in D/R pairs (15) were
identified to be a predictor of long-term graft function in kidney
tx recipients, further highlighting the critical role of nHLA
immunogenic epitopes in the organ tx. There have been no
published studies that have systematically identified D/R nHLA
epitopes that can be predictive of risk of AMR and CMR after
tx. Identifying different rejection subtypes is important as the
underlying biological drivers are likely different, and effective
resolution of each type of rejection episode requires disparate
treatments. Treatment of CMR is well defined with the use of
corticosteroids and T cell depleting agents (16), but effective
treatments for AMR remain to be identified, despite some
efficacy for AMR resolution from plasmapheresis, intravenous
immune globulin, and B cell depletion (17).

The explosion of advanced computational and statistical
methods, combined with advances in sequencing technologies in
the recent years, allowed us to carry out integrative translational
research to address the identification of relevant D/R non HLA
variants prior to tx, that can predict the risk of post-tx injury and,
thus, advance on current methods of tx patient risk stratification
in clinical practice. In this report, we conducted a focused study
of exome sequencing (exomeSeq) of DNA samples from a set of
kidney tx D/R pairs and performed statistical analyses to identify
an association between the mismatched genetic variants by D/R
pairs and biopsy-confirmed clinical outcome of rejection (either
AMR or CMR) and no-rejection (NoRej) after kidney tx. The
results of this study provide a fingerprint of D/R variants to stratify
recipient risk of AMR or CMR after kidney tx, with respect to the
intended donor organ, prior to the actual tx, opening the door for
precision D/R selection and tx immunotherapy.

MATERIALS AND METHODS

Study Design

Fifty-five individuals paired by D/R from 27 kidney tx from 28
kidney donors (one recipient had to go through a second tx) were
selected from John Hopkins, obtained as an institutional IRB
approved study (in keeping with the guidelines in the Declaration
of Helsinki) and sequenced using blood DNA. Each blood sam-
ple was obtained from the donor and the recipient prior to tx.
Recipients were selected in one of three clinical categories based
on the presence or absence of biopsy-proven rejection in the first
6 months after tx. There were 14 recipients confirmed with AMR,
seven recipients confirmed with CMR, and seven stable recipients
without rejection. Patients with normal 6-month protocol biop-
sies and stable graft function based on the evaluation of the serum
creatinine were grouped in the NoRej group. Patients with biopsy-
confirmed acute rejection, based on an indication biopsy for graft
dysfunction (>20% rise in the serum creatinine above baseline)
were classified into either CMR or AMR based on standardized
Banff classification of kidney allograft histopathology (18-20).
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To enrich for patients with post-transplant biopsy-confirmed
rejection in the first 6 months, we selected patients who were
highly sensitized (mean cPRA 47 + 45). Twelve of the 14 recipi-
ents in the AMR cohort tested positive for DSA at the time of
transplant and 13 of 14 tested positive for DSA at time of biopsy.
Patients received thymoglobulin for induction and were main-
tained on steroids, tacrolimus, and mycophenolate mofetil for
their maintenance immunosuppression regimen. To enrich for
patients with post-transplant biopsy-confirmed rejection in the
first 6 months, we selected patients who were highly sensitized
(mean cPRA 47 + 45). Molecular HLA typing was performed
by reverse sequence specific oligonucleotide hybridization
(LABType, One Lambda, Canoga Park, CA, USA). Donor-specific
HLA antibodies were evaluated using solid-phase immunoas-
says (Lifecodes classes I and II ID panels; Immucor-Lifecodes,
Stamford, CT, USA; Single Antigen Beads; One Lambda, Canoga
Park, CA, USA) performed on a Luminex platform. Unacceptable

HLA antigen assignments and CPRA calculations were based
on HLA antibody specificities strong enough to yield a positive
flow cytometric crossmatch. In this cohort, we have integrated
exomeSeq and clinical data with functionally relevant gene
expression data leveraging selected publically available datasets.
The overall design is showed in Figure 1.

DNA Extraction and exomeSeq

DNA was extracted from PBMCs collected from donor and
recipients using EZ1® Advanced XL automated DNA extrac-
tor from Qiagen and EZ1 DNA Blood 350 pl Kit (Cat No./ID:
951054, Qiagen Inc.). The DNA was measured using NanoDrop
2000 Spectrophotometer (Thermo Fisher Scientific). We used
Kapa Hyper Library Prep kit (KAPA BIOSYSTEMS) for making
the libraries and SeqCap EZ Human Exome Kit v3.0 (Roche
Sequencing) for the exome capture. The exome captured libraries
were then sequenced on the HiSeq 2500 for paired-end 100 bp on

blood DNA
Kidney Donors 'i'g Kidney Recipients
n=28 '|‘,i‘1.'}’ n=27

Clinical Endpoint: AMR, CMR, NoRej

Account for variant
mismatch

Differences in at least one allele between
D/R

Statistical Analysis to

N N N ~55 million reads per exome
ExomeSeq (illumina HiSeq 2500) ~80X mean coverage

Integration Analysis

Gene Expression (public data)

#1GTEX

fnnateDB

-

\,-i;,\i-\/l.\mn ORI

PublQed oo

Search for genes of
interest

1) Highly expressed and differentially
expressed genes in kidney and blood vessels

2) Immune-related genes

3) Cell surface genes

|

Gene enrichment

explain clinical endpoint

1) Association analysis overall (ANOVA
test) and univarietly (Fisher’s Exact Test)

2) Prediction Analysis (Random Forest)

3) Validation Analysis (Permutation Test)

using different variant annotations.

analysis
1) Variants annotated to genes they belong

to (x2 test)

2) Variants associated with gene expression
(eQTLs) (x2 test)

3) Ontologies (EnrichR)

FIGURE 1 | Overall study design and workflow. Detection of variant mismatches and statistical analysis for association with clinical endpoints and prediction using
exome sequencing (exomeSeq) data (left panel) integrated with the analysis of publically available gene expression data (right panel) to perform enrichment analysis
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the High Output mode. We performed exomeSeq on the 55 DNA
blood samples using Illumina HiSeq 2500 with an average of 55
million reads per exome and mean coverage of 80X. Raw data
were aligned to the human genome build 37 (hgl9) using bwa-
mem (0.7.15) (21).! Fastqc (0.11.5) was used as a quality control
tool for the sequence data. Picard (1.141) was used for marking
duplicates in the bam file. We used the Genome Analysis Toolkit
(GATK) (3.4-46) (22) to perform the subsequence analysis. This
is a software package for analysis of high-throughput sequencing
data. GATK’s BaseRecalibrator was used to generate recalibrated
and realigned bam files. GATK’s HaplotypeCaller was used
for the variant calling and the filtering was done using variant
quality score recalibration according to GATK Best Practices
recommendations (23, 24). The variant recalibrator evaluates
variants in a two-step process, each performed by a distinct tool:
(1) VariantRecalibrator: create a Gaussian mixture model by
looking at the annotations values over a high-quality subset of
the input call set and then evaluate all input variants. This step
produces a recalibration file. (2) ApplyRecalibration: apply the
model parameters to each variant in input VCF files producing a
recalibrated VCF file in which each variant is annotated with its
VQSLOD value. In addition, this step will filter the calls based on
this new VQSLOD score by adding lines to the FILTER column
for variants that do not meet the specified VSQLOD threshold.
We additionally excluded the multiallelic SNPs and insertions
and deletions (indels). We finally annotated the variants using
ANNOVAR (25) identifying a total number of 515,899 variants
restricted to the autosomal chromosomes. From these variants,
we only considered the variants that were called in at least 95% of
the samples, resulting in a total of 488,539 variants for subsequent
analyses.

D/R Variant Mismatch

We measured the variant mismatch between D/R pairs consid-
ering one allele difference in at least one of the individuals. An
example of all the possible allele combinations that one pair may
have for one specific variant aligned to the reference genome and
the total mismatch is represented in Figure 2A. The data matrix

'http://bio-bwa.sourceforge.net/.

for the analysis will account for the mismatch considering all the
variants and D/R pairs (Figure 2B). With the total number of
mismatches, we performed an ANOVA-test to account for the
global association with the clinical endpoints (AMR, CMR, or
NoRej) adjusting the model by a “genomic distance,” which takes
into account the race and relatedness information of each D/R
pair. We obtained the genomic distance by assessing the first
two principal components in a principal component analysis
(PCA) with the 1000 Genomes Project panel and obtaining the
Euclidean distance by pairs.

Association Analysis Considering Clinical
Endpoints

We assessed the association of the variants with the clinical
endpoints. Using a data matrix with the 28 D/R pairs as columns
and all the variants with at least one pair mismatched (472,400
variants) (Figure 2B) as rows, we applied Fisher’s exact test to
find an association between each specific mismatched variant and
the clinical endpoints. To find the mismatched variants that are
associated with an increased risk of AMR and/or CMR, we looked
to the number of variants of which the number of pairs was higher
in each group in comparison to the others.

Creating Gene Sets of Interest

We leveraged publicly available datasets to functionally annotate
our variants and genes of interest. We proposed four lists of genes
of interest: (1 and 2) Genes highly expressed and differentially
expressed (DE) in kidney and blood vessels, (3) genes that are
immune related, and (4) genes that are expressed on the cell
surface. To find DE genes in kidney and blood vessels, we used
the data processed by the TOIL project (26) from the GTEx
Consortium.? They have recomputed and processed RNA-Seq
samples to create a consistent meta-analysis of four datasets
(GTEx, TCGA, TARGET, and PNOC) free of computational
batch effects. We used the normalized counts they provided from
the RSEM algorithm to find genes that were upregulated and/
or highly expressed in kidney and blood vessels. To find genes
DE and upregulated, we used Wilcoxon rank test and applied

Zhttp://www.gtexportal.org/home/.

rs28620278

A VARIANT REF ALT Recipient1 | Total
(hg19) mismatch
© T cc cc 0

-_ Variants mismatch

rs28620278 rs11405

cc CcT 1
[ CC T !
CT cC 1
@r CcT 0
cT T 1
T cc i
T CcT !
T T 0

FIGURE 2 | An example of accounting for variant mismatch using one example of a D/R pair and one variant. In this case, the Donor 1 is CC and Recipient 1 is TT
(A), so it is considered as a mismatch and, therefore, it is assigned as a 1 in the data matrix (B).

Donor 1/
Recipient 1

1

Donor 2/
Recipient 2

D/R pairs
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Benjamini and Yekutieli (27) FDR for multiple testing (MT)
correction. We considered all the genes that were DE, compared
to all the remaining tissues and to each of the remaining tissues.
For the highly expressed genes, we considered all the genes of
which the mean was higher that the mean of all genes plus 1 SD.
We ended up with a list of 2,786 kidney genes and 3,291 blood
vessel genes.

To find immune-related genes, we downloaded four lists
of genes through the innateDB webpage® containing a total
of 8,745 genes. We used the gene list provided by ImmPort
(28), Immunogenetic Related Information Source (IRIS) (29),
Immunome Database (30), and the innate immune response
curated by innateDB (31).

Finally, we looked for cell-surface genes extracted from
publically available data resulting in a list of 3,845 genes. This
list was established by considering the genes that appear in the
following protein/peptide databases including the HUPO Plasma
Proteome Project (32), a non-redundant list from the Plasma
Proteome Institute (33), the MAPU Proteome database (34), and
the Surfaceome (35).

Gene Enrichment Analysis

To perform the gene enrichment analysis, we first annotated the
variants associated with AMR to genes in two different ways:
(1) considering the genes they are located in and (2) considering
the eGenes from the expression quantitative trait loci (eQTL)
analysis from GTEx inblood vessels and whole blood. Considering
these two annotations for the variants, we performed an enrich-
ment analysis using a X>-test with the four lists of genes (kidney,
blood vessels, immune related, and cell surface).

Finally, to provide a biological interpretation to the results,
the annotated variants were analyzed with the EnrichR tool, an
integrative web-based tool that performs enrichment analysis
providing various types of visualization summaries of collective
functions of gene lists.*

Prediction Analysis of Clinical Endpoints

We applied random forest (RF) to overpass the MT correction
problem and a lack of statistical power. RF is a machine learning
technique for prediction and classification problems that works
well with small sample size and uses the generation of several ran-
dom trees to avoid the detection of false positives and over-fitting.
RF was proposed by Breiman in 2001 (36) and is an appropriate
method for our problem since it can be used when the sample size
is much smaller than the number of variables (28 pairs > 472,400
variants) and it allows a multi-class classification. RF does not
perform a variable selection by itself, so we applied the R package
variable selection method using RF (VSURF) (37) that proposes
a variable selection method based on RF by minimizing the out of
bag error (OOB) rate. In order to find a specific subset of variants
that classify our samples based on the clinical endpoints. In RE
there is no need for cross-validation or a separate test set to get
unbiased estimates since each tree is built using a bootstrapped
sample from the original data. One-third of the cases are left out

*http://www.innatedb.com/.
*http://amp.pharm.mssm.edu/Enrichr.

from the construction of the tree and it is used as a test set to
obtain the OOB error. Nevertheless, we generated 10 permuted
datasets by shuffling the clinical endpoints from the original data
and applied the same algorithm with VSURE

RESULTS

The aim of this study was to discover the impact of mismatched
genetic variants between D/R kidney tx pairs associated with three
different clinical endpoints in recipients after tx with their specific
donor organs. These different clinical endpoints distributed 28
recipients in one of three categories: (1) NoRej group (n = 7):
stable graft function (stable serum creatinine) and protocol
biopsy-confirmed absence of any significant pathology or rejec-
tion; (2) CMR group (n = 7): graft dysfunction (>20% increase
in serum creatinine from baseline) and biopsy-confirmed CMR
using Banff criteria (38); and (3) AMR group (n = 14): graft
dysfunction and biopsy-confirmed antibody-mediated rejection
using Banff criteria (19), with or without DSA to major HLA
antigens. To perform analysis of D/R variant mismatching, we
carried out exomeSeq on the 28 D/R pairs prior to kidney organ
tx. All patients were on similar maintenance immunosuppression
with mycophenolate mofetil, tacrolimus, and steroids, and induc-
tion with thymoglobulin. Demographic parameters, inclusive of
cause of ESRD, were matched among the three subsets of patients
(Table 1).

The total number of D/R variant mismatches assessed prior
to tx was noted to be significantly higher in the AMR group
(ANOVA-test, AMR vs. NoRej, p-value = 0.02). Additional
analysis of specific D/R variant mismatches that specifically
associate with one or more clinical endpoints, identified a novel
set of 123 variants (Fisher’s exact test, p-value <0.001). A minimal
set of 65 variants (from the set of 123 variants) was selected with
RF (accuracy error = 0.03) and provided clean classification of
all three-sample phenotype outcomes for the recipients after tx,

TABLE 1 | Demographics for the donors and recipients samples.

Antibody- T-cell- No-rejection
mediated mediated n=7)
rejection rejection
(n=14) n=7)
Recipient gender (Female, %) 10 (71) 4 (57) 6 (86)
Recipient age (years) 542 +16.2 47.3 +14.9 59.4 +13.9

Recipient race 77 6/1 5/2

(Caucasian/African-American)
Donor gender (Female, %) 6 (47) 4 (57) 3(33)
Donor age (years) 49.2 + 141 48.0 £ 16.5 55.0+7.0

Donor race (Caucasian/ 13/1 6/1 6/1
African-American)

Type of transplant (%)-living 6 (43) 2 (29) 1(14)
Type of transplant (%)-living 2 (14) 4 (57) 5(72)
related

Type of transplant (%)-cadaver 6 (43) 1(14) 1(14)
% PRA (mean + SD) 55 (45) 34 (47) 41 (46)

Donor-specific antibodies at 12/2 6/7 4/7
time of transplant ()
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with very robust performance on repeated permutation testing.
We also leveraged publically available gene expression data as
selection filters for narrowing the most informative variant list to
map to genes that are highly enriched in the transplanted organ
(kidney), to the anatomical site most affected by AMR (blood
vessels), to select for candidates enriched in the rejection process
(immune related), and to select candidates that are more likely to
be recognized by the recipients’ immune response (cell-surface
expression). Figure 1 summarizes the overall study design.

Higher Number of Pre-tx D/R Mismatched
Variants Associate with Increased Risk
of Post-tx AMR

The variant differences per D/R pair were evaluated with respect
to the human reference genome build 37 (hgl9). Variant mis-
matches were considered if one of the alleles between the donor
and the recipient at a particular SNP position was different.
We identified 472,400 variants that were mismatched in at least
one D/R pair: 386,958 had at least one mismatch in the AMR
group, 268,722 in the CMR group, and 248,531 in the NoRej
group. In Figure S1 in Supplementary Material, we show the
number of mismatched variants per D/R pair with information
on race mismatch and relatedness. We observed a significantly
increased number of mismatched variants in the AMR group

in comparison with the NoRej group (Figure 3A) (ANOVA
p-value = 0.04), but as expected, we also observed that the
number of mismatched variants was also dependent on race
differences between the donor and the recipient and whether
the D/R pair was related. As the AMR group was noted to have
the largest number of D/R race mismatches, we explored the
relative impact of AMR and race mismatches on the number
of variant mismatches in each D/R pair by performing a PCA
using genomic data from the 1000 Genomes Project (39) as a
reference panel (Figure 3B). As expected, the donors and recip-
ients from our study clustered further or closer according to the
number of mismatched variants, and also clustered together
with the population that was consistent with their self-reported
race (Figure 3B). Some informative examples highlighted here
are pair 1 (119,733 mismatched variants)—the donor is white
self-reported and the recipient is black self-reported and are
seen to cluster in the PCA plot with the Caucasian population
(pairl-D) and the African population (pairl-R); pair 14 (51,058
mismatched variants)—both cluster closely with the Caucasian
population and are siblings; pair 12 (90,170 mismatched vari-
ants)—both are white self-reported—not related and are seen
to cluster with the Caucasian population but further than pair
12, that are related; and finally, pair 18 (123,100 mismatched
variants)—both D/R are African and have the highest num-
ber of mismatched variants, which highlights much higher
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FIGURE 3 | Boxplot representing the distribution of mismatched variants in each D/R pair, stratified by the clinical endpoints of antibody-mediated rejection (AMR),
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variability within the African population in comparison
with the Caucasian. To allow for these observed differences
by relatedness and race, we accounted for genomic distance
considering the Euclidean distance in the plot by D/R pair.
We used this variable to adjust the previous ANOVA analysis
and observed that AMR was still significantly associated with
a significantly higher number of mismatches (p-value = 0.02;
AMR vs. NoRej).

To evaluate the biological significance of the observed mis-
matched variants, we next examined their functional classifica-
tion. 25% of the mismatched variants were exonic with almost
half of them being non-synonymous and thus more likely to have
an impact on protein function. We applied the same ANOVA-test
considering only the non-synonymous variants and similar to the
previous results, these were found to be significantly higher for
the D/R pair where the recipient went on to develop AMR after
tx (Figure S2 in Supplementary Material).

D/R Mismatched Variants Are Associated
with AMR after Transplantation

123 unique variants (19 non-synonymous) (p < 0.001; Fisher’s
exact test) were identified as nominally associated with either
of three clinical endpoints of AMR, CMR, or NoRej after tx,
with an incidence of 87% in the AMR, 57% in the CMR, and
20% in the NoRej. To best assess the most significant variants for
each clinical group, we evaluated the maximal impact of variant
sets for each D/R pair cohort, in comparison to the other two;
again, we noted (as seen earlier by global analysis) an enrich-
ment of mismatched variants for AMR, with 94 variants most
enriched for AMR (AMR > CMR > NoRE]J), 25 variants for
CMR (CMR > NoRej > AMR), and 4 variants enriched for low
immune risk and NoRej (NoRej > AMR > CMR). To account
for the independence of race mismatch and relatedness between
the D/R pairs, we tested if the 123 variants were associated with
any of these two variables using Fisher’s exact test and none were
significant corroborating the independence. Figure 4 shows the
location of the variants in the genome and the percentage of
mismatches within each clinical endpoints in a circos plot (40).
A summary table with the information of all the variants is shown
in Table S1 in Supplementary Material.

D/R Mismatched Variants in the HLA
Region Have Less Impact on Post-tx AMR

than Mismatched nHLA Variants

None of the 123 variants identified (above) belong to the HLA
region. To address the potential role of HLA mismatches in
these samples, we performed an association analysis between
the HLA mismatches considering nine major HLA genes
(HLA-A, HLA-B, HLA-C, HLA-DRBI1, HLA-DRB3, HLA-DRB4,
HLA-DRB5, HLA-DQBI, HLA-DPBI) with clinical endpoints
and presence of DSA. HLA measures by serotype and exomeSeq
showed highly concordant results. We performed this analysis
considering the data measured by the antigens detected by HLA
serotyping (standard of care) and accounting the number of
variants mismatches in these nine HLA genes (Figure 5). We
did not observe significant results for the association of HLA

with the clinical endpoints of rejection or no rejection after tx
(p-value = 0.3, HLA antigen data; p-value = 0.6 HLA exomeSeq
data), though in both cases, there is a trend for a higher num-
ber of HLA mismatches in the rejection group. As expected, a
higher number of DSA had borderline significance with a higher
number of HLA mismatches (p-value = 0.07, HLA antigen
data). In addition, as a positive control for the data analysis, we
conducted an association analysis between HLA mismatches,
race mismatch and relatedness, and as expected, we found sig-
nificantly decreased number of HLA mismatches in related D/R
pairs (p-value = 0.03) and a non-significant increase number of
HLA mismatches in race mismatched D/R pairs (Figure S3 in
Supplementary Material).

The Variants Associated with Increase
Risk of Post-tx AMR Are Enriched in

Relevant Gene Sets

To assess the biological impact of the 123 significantly associated
mismatched variants we evaluated the impact of the variants on
different gene expression datasets (Figure 4). Our first assump-
tion is that a mutation in the corresponding gene would result in a
mutated mRNA and consequently a mutated protein in the donor
or recipient kidney, which can trigger an antibody response in
the recipient resulting in renal allograft rejection and injury. Our
second assumption is that a mutation in the gene would result in
different mRNA expression (eQTL) in the same gene (cis) or at
another locus (trans), which would then produce a change in the
expression of a protein in the donor kidney, consequently trigger
an antibody response in the recipient, and drive renal allograft
rejection and injury. With this in mind, we annotated the vari-
ants to genes using the eQTL analysis from GTEx (41). The GTEx
Consortium has studied several tissues, but we only considered
the relevant eQTLs in whole blood and blood vessels, since the
key pathobiology of AMR injury in the donor kidney occurs in
the donor microvasculature. Kidney tissue eQTLs are also found
in the GTEx dataset, and though interesting to analyze, were not
included as the number of samples with kidney tissue in GTEx was
too small to perform eQTL analysis. The 94 variants associated
with AMR were found to reside in 72 unique genes, as some genes
had more than one variant, a factor that may weight their biological
relevance. Genes with multiple variants are AP3D1 (5 variants—1
synonymous), CDC123 (2 variants), CDYL2 (2 variants), CSMD3
(3 variants), FAMI129B (2 variants), IL7 (2 variants), MUC3A
(2 variants—1 non-synonymous, 1 synonymous), MYOM2 (2
variants), OR5IF1 (4 variants—2 nonsynonymous), OR8GI
(2 variants), OR8G5 (2 non-synonymous variants, 1 synonymous),
PNPLAG6 (2 variants), PSEN2 (4 variants—1 synonymous), RASA3
(2 variants), ZNF280D (2 variants—1 non-synonymous), and the
SLC family (5 variants—1 non-synonymous, 2 synonymous).
Interestingly, we found that 7 out of the 19 non-synonymous vari-
ants (37%) were located in AMR specific genes. The 25 variants
associated with CMR resided in 22 unique genes, the following
of which had multiple variants: AIMIL (4 non-synonymous vari-
ants), CHRNAI0 (2 non-synonymous variants) and KIAA1755
(3 variants—1 non-synonymous, 1 synonymous). For CMR, 7 out
of 19 (37%) non-synonymous variants were located in genes with
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FIGURE 4 | Circos plot showing the 22 autosomal chromosomes. The histogram shows the distribution of mismatches by pairs in each 123 variants associated
with the three clinical endpoints (red-antibody-mediated rejection, blue-T-cell-mediated rejection, and green-no-rejection). The genes outside represent the harbor

gene (black text) and the genes outside represent the expression quantitative trait loci (eQTLs; light orange-eQTLs in whole blood, dark orange-QTLs in blood
vessels and medium orange-overlap between both).

multiple variants. A summary table with information about these ~ associated with more than one gene or genes that were associated

variants is shown in Table 2. with more than one variant. Interestingly, we observed that the
When mapping for eQTLs was performed, 37 eQTLs were ~ eQTLs were only found with variants associated with risk of post-

found to be enriched in the dataset pertaining to blood vessels ~ tx AMR (Tables S2 and S3 in Supplementary Material).

and 22 were enriched in the dataset pertaining to whole blood, Thirdly, we evaluated the enrichment of significant SNPs

with several identified “hotspots;” defined by variants that were  within four sets of genes, functionally relevant to our study.
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Leveraging publically available data we evaluated genes that are
highly expressed or DE in kidney (the transplanted organ of
interest), the endothelium (the target cell of interest in AMR), in
immune cells (the effector cells of interest in rejection), and cell
surface expressed genes (that may have a higher probability of
interaction between the mutated donor antigenic epitope and the
recipient antibody paratope). For each set of genes, we performed
an enrichment analysis using the y>-test. When considering the

variants previously identified to be associated with risk of post-
tx AMR, we found statistically significant enrichment in the
immune-related genes (p-value = 0.007) and cell-surface genes
(p-value = 4.7%107). For CMR, we also found significant enrich-
ment for the immune-related genes (p-value = 0.02). Figure 6
shows the overlapping genes within each of the four lists of genes.

In addition, variant eQTL analysis in AMR identified signifi-
cant enrichment for kidney-specific genes (eQTL blood vessels:
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TABLE 2 | Summary table with information about the variants that reside in genes with more than one associated variant.

Single nucleotide Chr Position Ref Alt GeneName GeneFunction AF_all AF_afr AF_eur Diff_ Diff_ Diff_ p-Value eGenes— eGenes—

polymorphism AMR CMR NoRej blood whole blood
vessels

rs2072306 19 2109019 T C  AP3D1 (kidney, blood Intronic 0.33 0.49 0.20 1 0 1 4.73E-04  AP3D1 AP3D1

rs20567 19 2110746 G A vessels, cell-surface) Exonic-synonymous 0.33 0.49 0.20 ih 0 1 4.73E-04  AP3D1 AP3D1

rs2074959 19 2111649 T C Intronic 0.33 0.49 0.20 11 0 1 4.73E-04  AP3D1 AP3D1

rs2066775 19 2115493 A G Intronic 0.33 0.49 0.20 11 0 1 4.73E-04  AP3D1 AP3D1

rs4807203 19 2127272 A G Intronic 0.34 0.54 0.20 11 0 1 4.73E-04  AP3D1 AP3D1

rs2271804 10 12252217 G A CDC123 Intronic 0.38 0.19 0.562 11 2 0 8.08E-04 CAMK1D

rs10951 10 12292344 A G UTR3 0.65 0.73 0.60 13 3 1 9.08E-04 CDC123 CAMK1D

rs9940301 16 80641906 G A CDYL2 Intronic 0.38 0.76 0.23 13 1 3 9.08E-04

rs9933302 16 80641931 T C Intronic 0.41 0.84 0.23 13 1 3 9.08E-04

rs55980973 8 113655644 A T  CSMDS (cell-surface) Intronic 0.56 0.81 0.44 12 4 0 6.82E-04

rs6992564 8 113662299 T G Intronic 0.56 0.81 0.44 12 4 0 6.82E-04

rs7839990 8 113697567 A G Intronic 0.56 0.78 0.45 12 5 0 3.51E-04

rs2243558 9 130289615 C G FAM129B (kidney, blood Intronic 0.58 0.59 0.68 14 1 2 1.70E-05 ZNF79, SLC2A8,

vessels) RPL12 ZNF79, RPL12

rs2251409 9 130286150 A G Intronic 0.57 0.60 0.68 14 2 2 1.77E-04  ZNF79, SLC2A8,
RPL12 ZNF79, RPL12

rs13264965 8 79672953 A G L7 (immune, cell-surface)  Intronic 11 2 0 8.08E-04

rs4739138 8 79673952 T C Intronic 0.21 0.34 0.07 1 2 0 8.08E-04

rs78118592 7 100550837 C T MUCSA Exonic-nonsynonymous 0.06 0.05 0.10 13 4 8.73E-04

rs200242471 7 100550841 C A Exonic-synonymous 13 4 8.73E-04

rs3817699 8 2024437 C T MYOM2 Intronic 0.64 0.89 0.57 12 0 6 2.74E-04

rs3817700 8 2024446 C T Intronic 0.64 0.89 0.56 12 0 6 2.74E-04

rs1030723 i 4790471 G A OR51F1(cell-surface) Exonic-nonsynonymous 0.17 0.44 0.13 1 2 0 8.08E-04

rs11033793 11 4790474 T C Exonic-nonsynonymous 0.17 0.44 0.13 iR 2 0 8.08E-04

rs10836609 11 4791178 C A Upstream 0.12 0.28 0.13 iR 2 0 8.08E-04

rs10836610 11 4791181 T G Upstream 0.12 0.28 0.13 11 2 0 8.08E-04

rs4268525 11 124121199 G C  OR8GH (cell-surface) Exonic-unknown 0.44 0.32 0.55 13 3 1 9.08E-04 VWAS5A

rs2466636 11 124134552 C T Intronic 0.44 0.29 0.55 13 3 1 9.08E-04 VWAS5A

rs2512168 11 124135009 G A OR8G5 (cell-surface) Exonic-nonsynonymous 0.44 0.29 0.55 13 3 1 9.08E-04 VWAS5A

rs2512167 11 124135438 G A Exonic-nonsynonymous 0.44 0.29 0.55 13 3 1 9.08E-04 VWAS5A

rs2466701 11 124135481 C T Exonic-synonymous 0.44 0.29 0.55 13 3 1 9.08E-04 VWABA

rsb77219 19 7615585 T G PNPLA6 Intronic 0.67 0.57 0.72 12 1 0 5.05E-05

rs574663 19 7614677 ¢} T Intronic 0.67 0.55 0.72 11 1 0 4.73E-04

rs11405 1 227069677 T C  PSEN2 (immune, Exonic-synonymous 0.74 0.83 0.80 12 2 0 2.00E-04

rs2236910 1 227073410 G C  cell-surface) Intronic 0.74 0.83 0.80 12 2 0 2.00E-04

rs2802267 1 227078955 T C Intronic 0.72 0.78 0.80 11 2 0 8.08E-04

rs10753428 1 227081622 A G Intronic 0.70 0.80 0.80 12 2 0 8.08E-04

rs4074317 13 114747187 G C RASA3 Downstream 0.65 0.64 0.74 9 7 0 1.70E-04

rs2274716 13 114781868 G A Intronic 0.35 0.35 0.27 9 7 0 1.70E-04

(Continued)
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p-value = 0.004; eQTL whole blood: p-value = 0.0005) and blood
vessels (eQTL blood vessels: p-value = 0.02; eQTL whole blood:
p-value = 0.002).

We finally performed gene set enrichment analysis to
find common biological pathways and processes in rejec-
tion specific genes that harbor mismatched variants, using
the web-based tool EnrichR (42, 43). Importantly, the
72 unique genes associated with AMR were enriched for
active transmembrane transporter activity (G0:0022804)
(p-value = 0.0008) and immune response-activating cell-
surface receptor signaling pathway (G0O:0002429) (nominal
p-value = 0.1) corroborating our previous findings. More
interestingly, when we assessed the 22 genes that are associ-
ated exclusively with CMR, we found enrichment in CD4+
T-cells and CD8+ T-cells (nominal p-value = 0.1).

Machine Learning Techniques Provide a
Robust Prediction of Post-tx Rejection
Risk Based on Novel D/R Mismatched
Variants

In the previous analysis using Fisher’s exact test, we analyzed
a single variant at a time in a large number of statistical tests,
which in combination with the small sample size, resulted
in no variants passing the multiple hypothesis correction
threshold. Also, modeling a multi-class problem (more than
two categories for the clinical endpoints) further adversely
influences statistical power. To address this problem, we used
a more advanced statistical method to circumvent the issue
of statistical power with a machine learning technique, RF.
RF builds a classification model for the response variable
(clinical endpoints) using all predictors (mismatched variants)
quantifying the importance of each predictor. RF by itself does
not provide significant levels of individual variants and does
not perform variable selection to choose a subset of associ-
ated variants, but we were interested to find whether there
is a group of mismatched variants that can predict the study
clinical endpoints. To this end, we have used a VSURF (37).
After applying the VSURF algorithm, we found 65 mismatched
variants with a very small OOB error rate (0.03), where OOB
measures the accuracy of the final forest. Figure 7 shows the
65 mismatched variants in a binary heatmap, where 1 (gray)
represents a mismatch for that particular variant and 0 (white)
represents the variant matched in D/R pairs. The three clinical
endpoints perfectly cluster together, independent of race mis-
match and relatedness, as seen in the color bar on the columns
on the left. These variants were also tested with a Fisher’s exact
test to find association with race mismatch and relatedness as
aforementioned and no significant association was observed.
To further verify that our results are not due to random chance,
we performed a permutation test shuffling the labels of the
clinical endpoints from the original data set. After re-applying
the VSURF method, we were no longer able to identify variants
that were able to classify the samples. Similar analysis using
HLA variants alone could not classify the three different clini-
cal endpoints (average OOB error = 0.25; Figure 8; Figure S4
in Supplementary Material).
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FIGURE 6 | \enn diagram showing the distribution of the total number of genes (98) harboring the 123 significant variants associated with clinical endpoints
enriched for their expression in the kidney, blood vessels, immune cells, and cell-surface expression.

Surface (60)

Blood Vessels (21)

SGCD
GABRR1
NUP98
GSG1L

CELSR2
CNTN2
PSEN2

IL7
ATM
CRTAM
ITGAE

COL16A1
ABR
SNAI
RTN4
LAMAS

DISCUSSION

Antibody-mediated rejection is a major cause of allograft dys-
function and graft loss as a result of the development of de novo
DSA to donor-specific HLA antigen mismatches with the recipi-
ent after tx (44). The principal targets of the AMR response are
the highly polymorphic HLA antigens, but the rejection process
has also been observed in HLA-identical siblings (10), suggesting
a critical role for D/R nHLA antigen mismatches that may also
drive pathogenic antibodies to these mismatched nHLA antigens
in AMR (45). Developing methodologies to detect genetic differ-
ences between D/R prior to transplant that drive increased AMR
risk after tx, will be highly relevant for influencing the long-term
outcomes of graft life expectancy after organ tx. This pilot study
with carefully selected clinical phenotypes shows a significant
increase in the number of mismatched variants prior to tx, which
significantly correlate with the development of biopsy-confirmed
acute rejection in the recipient after tx.

By developing and applying custom statistical methodologies
to exomeSeq data on donor and recipient samples prior to tx,
we confirmed our hypothesis that the total number of variants
that mismatch by D/R pairs is higher when the recipient goes

on to develop AMR after tx. In addition, we also found a highly
refined set of variants that can accurately predict immune risk
stratification of patients before tx, into those that develop differ-
ent clinical endpoints after tx of either biopsy-confirmed AMR,
biopsy-confirmed CMR or stable function and no rejection. None
of these newly identified variants were located in the HLA region,
even though the patients involved in this study were sensitized
to various HLA antigens, suggesting the possible role of nHLA
antigens. Importantly, the AMR group is enriched in race mis-
match while NoRej is enriched in relatedness. In all the analysis
performed here, these differences have been considered, showing
that our findings are independent for both, race mismatch and
relatedness.

Further analysis of the 94 variants significantly associated with
an increased risk of post-tx AMR located in 72 unique genes are
enriched in immune-related function, supporting their role in the
rejection process; in addition, these variants also map to genes
that are more likely to be expressed on the cell-surface, suggesting
that changes in the expression/function of these genes are more
likely to be recognized by the recipients’ immune system, and
support the possible generation of antibody responses to nHLA
targets. These results are supported by a previous study (15),
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FIGURE 7 | Binary heatmap showing clean separation of the three clinical endpoints of antibody-mediated rejection (AMR), T-cell-mediated rejection (CMR), and
no-rejection (NoRej) for the 65 mismatched variants selected by variable selection method using RF. Each gray box represents a variant (x-axis) mismatch for that
specific D/R pair (y-axis), and each white box denotes a variant match between the donor and recipient pair. Each row represents the D/R pairs and columns the

where a cohort with a small number of acute rejections was used
to generate an allogenomic mismatch score that associated with
transmembrane proteins predicted long-term graft function in
kidney transplantation. In this study, we examine a larger number
of acute rejections and also stratify risk further by considering
both types of acute rejection, AMR and CMR.

We also observe here that specific nHLA variant mismatches
impact the development of CMR, as the remaining 25 variants
associated exclusively with post-tx CMR. These 25 variants
map to 22 unique genes and are highly enriched in immune-
related function involving CD4+ T-cells and CD8+ T-cells.
This study, thus, also highlights the existence of key intrinsic
differences between the triggers and mechanisms of injury in
AMR and CMR.

The genes associated with rejection in this study are biologi-
cally relevant; specifically those that also have multiple associated
variants (AP3D1, CDC123, CDYL2, CSMD3, FAM129B, MUC3A,
MYOM2, OR51F1, OR8GI1, OR8G5, PNPLA6, PSEN2, RASA3,
ZNF280D, AIMIL, CHRNA10 and KIAA1755 and SLC-family).
15 out of 18 of these genes associate with risk of post-transplant
AMR, and the majority (74%) of non-synonymous variants are
located in these genes and in three other genes that associate with
the risk of post-tx CMR (AIMI1L, CHRNAI10, and KIAA1755).
These variants are likely to be biologically significant for their
impact on post-tx rejection. In the follow-up studies we plan
to evaluate post-tx nHLA antibody responses to identify the
proteins, as we hypothesize that non-synonymous mutated vari-
ants produce mutated D/R mRNAs and proteins that can trigger

allospecific antibody responses in the recipient and drive AMR.
In addition, biological relevance in the context of AMR can
be ascribed to many of the identified variants as eQTLs (DNA
sequence variants that can influence the expression level of one
or more genes) that are significantly enriched in blood vessels
and kidney, the target organs of injury in AMR. We observed
many hotspots in the endothelial eQTLs where more than one
variant is related to one gene and vice versa. For example, the
two variants (rs2251409 and rs2243558) located in the FAM129B
gene are associated with three different genes (SLC2A8, ZNF79,
and RPL12) enriched in the vascular tissues. On the other hand,
other genes are associated with multiple variants, e.g., AP3DI is
associated with five different variants located in the same gene.
These eQTLs may be immunologically relevant as they can
influence the mRNA and protein expression of multiple genes
differentially between donor and recipient pairs and contribute to
AMR. Interestingly, all identified eQTLs belong only to variants
associated with risk of AMR (and not with risk of CMR) high-
lighting the importance of detecting these variant differences in
D/R pairs prior to engraftment as a means of risk stratification for
risk of developing post-tx AMR. The eQTL analysis provide us
with an important tool to ascribe relevant functional associations
to genes for understanding the process of AMR in organ tx. For
example, we highlight that we observe variants in many olfactory
transduction factor genes, OR51F1, OR8G1, and OR8G5, which
on initial review, should have no impact on kidney tx outcomes,
but more in depth analysis reveals that all these variants also map
to an eQTL in blood vessels for a common gene, VIWA5A (von
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FIGURE 8 | Multi-Dimensional Scaling plots of proximity matrix from RF. (A) shows the results from the discovery set applying variable selection method using RF
(VSURF) to all the variants mismatched (top) and only to the histocompatibility antigen (HLA) region (bottom) and (B) shows the results from the validation set
applying VSURF to 10 permuted datasets (only 4 are displayed in the plot).

Willebrand factor A domain-containing protein 5A), which has
been shown in a recent study (46), to cause variations in the levels
of circulating VWF protein and significantly impact survival after
organ tx. Thus, functionally relevant variant differences between
donor and recipient may not just relate to mismatched variants
in specific genes between the pairs, but may also relate to other
downstream genes that these variants may modify.

Though a limitation of this pilot study is the small sample size,
we highlight that our study still provides for robust discovery as
it benefits from stringent clinical selection criteria for patient
selection in each cohort, uses biopsy-confirmed diagnosis for
each patient and has extensive statistical data modeling that limits
the rate of false positive results. An important analytical caveat in
statistical genetics is to control for false positives results, without
being too restrictive so as to lose valuable information (false nega-
tives results). Fisher’s exact test is a classic test that does not have
enough power to deal with a large number of variables when the
sample size is very small and is not ideal for a multi-class prob-
lem. To provide for stringent statistical analysis on small sample
numbers with many data points, our approach of RF applies a

multivariate model (all variables are introduced in the model at
the same time) avoiding the correction for MT. The application
of VSURE a strategy that uses the OOB error estimate and the
variable importance measures from RF to build an algorithm that
performs a variable selection method for each clinical endpoints
(AMR, CMR, and NoRej), detects 65 variants, a subset of the
123 variants found with the Fisher’s exact test, that classify all
AMR, CMR, and NoRej samples perfectly in regards to patient
outcomes after tx. To make our analysis even more stringent, we
show that even though RF does not need to correct for MT since
it is built using several subsets of random variables, permutation
testing further validates our results, as the average OOB error
rate from the permuted datasets was 25%, which is quite large in
comparison to the one from the discovery set (OOB error = 3%).
Thus, a combination of the statistical approaches gives us high
confidence in our conclusions that patients who develop AMR
after tx have the highest rate of mismatched D/R variants that can
be detected before tx. Patients who develop CMR after tx have
some shared variants with patients who develop post-tx AMR,
which may highlight overlapping mechanisms in both kinds of
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injury, as previously described (47). Patients who develop CMR
post-tx also have unique variants that relate primarily to gene
function in CD4/CD8* T cells, the prime cellular player in CMR.
The NoRej group is well classified because these patients mostly
lack any of the mismatches in the variants in the rejection groups.
We recognize that additional independent validation of some of
the mutations in the most significant variants is needed.

In conclusion, we have identified a finite and novel set of
D/R specific mismatched variants that associate with high risk
of rejection after tx and can discern between different histologi-
cal and prognostic groups of either AMR or CMR after tx. We
believe that these variants are functionally relevant as they relate
to genes and/or eQTLs that control one or multiple genes that
are enriched in the kidney (the organ undergoing injury), are
involved in immune function and more likely to be displayed on
the surface of the kidney cells, where they can trigger a destruc-
tive immune response in the recipient. The current sequencing
and custom analytical methodologies can catalog HLA as well
as, hitherto undiscovered, nHLA genetic differences between the
donor and recipient before tx, that impact clinical outcomes after
tx. This critical information can be obtained prior to tx surgery to
select an optimal donor when more than one donor is being con-
sidered, or to assess post-tx rejection risk of AMR and CMR and
personalize induction and maintenance immunosuppression to
mitigate immune risk. Preventing rejection, specifically AMR, by
optimizing donor selection, would have a significant positive on
improving long-term tx outcomes. We believe that the inclusion
of a minimal nHLA variant list should be added to current HLA
testing to enhance our ability to predict AMR risk, and will fit an
unmet clinical need for comprehensive prediction of tx immune
risk prior to organ engraftment, opening the door to precision
immunosuppression and extended tx survival.

ETHICS STATEMENT

The study is approved by UCSF IRB and the approval number is
14-13573.

DATA AND MATERIALS AVAILABILITY

The exome sequencing data set for this study is available upon
request as a collaboration. Please contact Minnie Sarwal at
minnie.sarwal@ucsf.edu.

AUTHOR CONTRIBUTIONS

MMS, MS, TS, and SP conceived the study design and analysis
plan. MS, MMS, and SP carried out the bioinformatics/data
analysis plan. SP performed the data analysis and generated all

REFERENCES

1. Wolfe RA, Ashby VB, Milford EL, Ojo AO, Ettenger RE, Agodoa LYC, et al.
Comparison of mortality in all patients on dialysis, patients on dialysis
awaiting transplantation, and recipients of a first cadaveric transplant. N' Engl
J Med (1999) 341:1725-30. doi:10.1056/NEJM199912023412303

figures and tables. AJ, TS, and MMS collected and analyzed clini-
cal materials. JC contributed to the study design and bioinformat-
ics analyses. MS and MMS supervised the work.

ACKNOWLEDGMENTS

We thank Eunice Wan and Pauline Fujita from the core facility at
UCSF for their help with the exome sequencing processing. We
thank Dmitry Rychkov, Mark Nguyen, Sanchita Bhattacharya,
Atul Butte, and Pui Kwok for useful discussion.

FUNDING

This project was supported by the grant from NIH/NCATS
ULI TR001872 (MMS, MS, TS, and SP). JC was supported by
the National Institute of Allergy and Infectious Diseases of the
National Institutes of Health under the Bioinformatics Support
Contract HHSN272201200028C. The content is solely the
responsibility of the author and does not necessarily represent
the official views of the National Institutes of Health.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at
http://www.frontiersin.org/article/10.3389/fimmu.2017.01687/
full#supplementary-material.

FIGURE S1 | Number of variants mismatched per D/R pair for antibody-
mediated rejection (AMR), T-cell-mediated rejection (CMR), and no-rejection
(NoRej). W and B represent if the individual in the pair is of Caucasian ancestry/
White (W) or African ancestry/Black (B), respectively. The letter at the top denotes
the ancestry of the donor and at the bottom is for the recipient. If the pair is
related, it is marked with the type of relationship.

FIGURE S2 | Boxplot representing the distribution of mismatched variants in each
group per clinical endpoint restricted only to non-synonymous exonic variants (A).
Number of variants mismatched per D/R pair for antibody-mediated rejection
(AMR), T-cell-mediated rejection (CMR), and no-rejection (NoRej) restricted only to
non-synonymous exonic variants (B). W and B represent if the individual in the pair
is of Caucasian ancestry/White (W) or African ancestry/Black (B), respectively. The
letter at the top denotes the ancestry of the donor and at the bottom is for the
recipient. If the pair is related, it is marked with the type of relationship.

FIGURE S3 | On the left panel, boxplot representing the association analysis
between histocompatibility antigen (HLA) mismatches and race mismatches for
the HLA antigens data (A) and HLA exome sequencing (exomeSeq) data (B). On
the right panel, boxplot representing the association analysis between HLA
mismatches and pair relatedness for the HLA antigens data (C) and HLA
exomeSeq data (D).

FIGURE S4 | Multi-Dimensional Scaling plots of proximity matrix from RF from
the validation set applying variable selection method using RF (VSURF) to 10
permuted datasets.

2. McDonald SP, Craig JC; Australian and New Zealand Paediatric Nephrology
Association. Long-term survival of children with end-stage renal disease.
N Engl ] Med (2004) 350:2654-62. d0i:10.1056/NEJMoa031643

3. Lionaki S, Panagiotellis K, Iniotaki A, Boletis JN. Incidence and clinical signif-
icance of de novo donor specific antibodies after kidney transplantation. Clin
Dev Immunol (2013) 2013:849835. doi:10.1155/2013/849835

Frontiers in Immunology | www.frontiersin.org

December 2017 | Volume 8 | Article 1687


http://www.frontiersin.org/Immunology/
http://www.frontiersin.org
http://www.frontiersin.org/Immunology/archive
http://www.frontiersin.org/article/10.3389/fimmu.2017.01687/full#supplementary-material
http://www.frontiersin.org/article/10.3389/fimmu.2017.01687/full#supplementary-material
https://doi.org/10.1056/NEJM199912023412303
https://doi.org/10.1056/NEJMoa031643
https://doi.org/10.1155/2013/849835
mailto:minnie.sarwal@ucsf.edu
http://www.frontiersin.org/article/10.3389/fimmu.2017.01687/full#supplementary-material

Pineda et al.

Variant Mismatch in Transplant Rejection

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Schwartz RS, Nankivell B, Alexander SI. Rejection of the kidney allograft.
N Engl ] Med (2010) 363:1451-62. doi:10.1056/NEJMra0902927

Zachary AA, Leffell MS. HLA mismatching strategies for solid organ
transplantation — a balancing act. Front Immunol (2016) 7:575. doi:10.3389/
fimmu.2016.00575

Sasaki N, Idica A. The HLA-matching effect in different cohorts of kidney
transplant recipients: 10 years later. Clin Transpl (2010):261-82.

Sigdel TK, Li L, Tran TQ, Khatri P, Naesens M, Sansanwal P, et al. Non-
HLA antibodies to immunogenic epitopes predict the evolution of chronic
renal allograft injury. JAm Soc Nephrol (2012) 23:750-63. doi:10.1681/
ASN.2011060596

Jackson AM, Sigdel TK, Delville M, Hsieh S-C, Dai H, Bagnasco S,
et al. Endothelial cell antibodies associated with novel targets and
increased rejection. J Am Soc Nephrol (2015) 26:1161-71. doi:10.1681/
ASN.2013121277

Butler CL, Valenzuela NM, Thomas KA, Reed EF. Not all antibodies are
created equal: factors that influence antibody mediated rejection. J Immunol
Res (2017) 2017:7903471. doi:10.1155/2017/7903471

Grafft CA, Cornell LD, Gloor JM, Cosio FG, Gandhi MJ, Dean PG, et al.
Antibody-mediated rejection following transplantation from an HLA-
identical sibling. Nephrol Dial Transplant (2010) 25:307-10. doi:10.1093/ndt/
¢fp526

Salaman JR, Godfrey AM, Russell RB, Brown P, Festenstein H. Rejection of
HLA identical related kidney transplants. Tissue Antigens (1976) 8:233-8.
Goldfarb-Rumyantzev AS, Naiman N. Genetic predictors of acute renal
transplant rejection. Nephrol Dial Transplant (2010) 25:1039-47. doi:10.1093/
ndt/gfp782

Goldfarb-Rumyantzev AS, Shihab F, Emerson L, Mineau G, Schaefer C,
Tang H, et al. A population-based assessment of the familial component of
acute kidney allograft rejection. Nephrol Dial Transplant (2009) 24:2575-83.
doi:10.1093/ndt/gfp086

Ghisdal L, Baron C, Lebranchu Y, Viklicky O, Konarikova A, Naesens M, et al.
Genome-wide association study of acute renal graft rejection. Am J Transplant
(2016) 17(1):201-9. doi:10.1111/ajt.13912

Mesnard L, Muthukumar T, Burbach M, Li C, Shang H, Dadhania D,
et al. Exome sequencing and prediction of long-term kidney allograft
function. PLoS Comput Biol (2016) 12:e1005088. doi:10.1371/journal.pcbi.
1005088

Lamarche C, Coté JM, Sénécal L, Cardinal H. Efficacy of acute cellular
rejection treatment according to Banff Score in kidney transplant recipients.
Transplant Direct (2016) 2:e115. doi:10.1097/TXD.0000000000000626
Djamali A, Kaufman DB, Ellis TM, Zhong W, Matas A, Samaniego M.
Diagnosis and management of antibody-mediated rejection: current status
and novel approaches. Am ] Transplant (2014) 14:255-71. doi:10.1111/
ajt.12589

Mengel M, Sis B, Haas M, Colvin RB, Halloran PE, Racusen LC, et al. Banff
meeting report writing committee, Banff 2011 Meeting Report: new con-
cepts in antibody-mediated rejection. Am J Transplant (2012) 12:563-70.
doi:10.1111/j.1600-6143.2011.03926.x

Haas M, Sis B, Racusen LC, Solez K, Glotz D, Colvin RB, et al. Banff 2013
meeting report: inclusion of C4d-negative antibody-mediated rejection and
antibody-associated arterial lesions. Am ] Transplant (2014) 14:272-83.
doi:10.1111/ajt.12590

Solez K, Colvin RB, Racusen LC, Haas M, Sis B, Mengel M, et al. Banff 07
classification of renal allograft pathology: updates and future directions.
Am ] Transplant (2008) 8:753-60. doi:10.1111/j.1600-6143.2008.02159.x

Li H, Durbin R. Fast and accurate short read alignment with Burrows-Wheeler
transform. Bioinformatics (2009) 25:1754-60. doi:10.1093/bioinformatics/
btp324

McKenna A, Hanna M, Banks E, Sivachenko A, Cibulskis K, Kernytsky A,
et al. The genome analysis toolkit: a MapReduce framework for analyzing
next-generation DNA sequencing data. Genome Res (2010) 20:1297-303.
doi:10.1101/gr.107524.110

DePristo MA, Banks E, Poplin R, Garimella KV, Maguire JR, Hartl C, et al.
A framework for variation discovery and genotyping using next-generation
DNA sequencing data. Nat Genet (2011) 43:491-8. doi:10.1038/ng.806

Van der Auwera GA, Carneiro MO, Hartl C, Poplin R, Del Angel G, Levy-
Moonshine A, et al. From FastQ data to high confidence variant calls: the

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

40.

41.

42.

43.

44.

45.

46.

Genome Analysis Toolkit best practices pipeline. Curr Protoc Bioinformatics
(2013) 43:11.10.1-33. doi:10.1002/0471250953.bi1 110543

Yang H, Wang K. Genomic variant annotation and prioritization with
ANNOVAR and wANNOVAR. Nat Protoc (2015) 10:1556-66. doi:10.1038/
nprot.2015.105

Vivian ], Rao A, Nothaft F, Ketchum C, Armstrong J, Novak A, et al. Toil enables
reproducible, open source, big biomedical data analyses. Nat Biotechnol
(2017) 35(4):314-6. doi:10.1038/nbt.3772

Benjamini Y, Yekutieli D. The control of the false discovery rate in multiple
testing under dependency. Ann Stat (2001) 29:1165-88. doi:10.1214/
20s/1013699998

Bhattacharya S, Andorf S, Gomes L, Dunn P, Schaefer H, Pontius J, et al.
ImmPort: disseminating data to the public for the future of immunology.
Immunol Res (2014) 58:234-9. doi:10.1007/s12026-014-8516-1

Kelley J, de Bono B, Trowsdale J. IRIS: a database surveying known human
immune system genes. Genomics (2005) 85:503-11. doi:10.1016/j.ygeno.
2005.01.009

Ortutay C, Vihinen M. Immunome: a reference set of genes and proteins
for systems biology of the human immune system. Cell Immunol (2006)
244:87-9. doi:10.1016/j.cellimm.2007.01.012

Breuer K, Foroushani AK, Laird MR, Chen C, Sribnaia A, Lo R, et al. InnateDB:
systems biology of innate immunity and beyond - recent updates and continu-
ing curation. Nucleic Acids Res (2013) 41:D1228-33. doi:10.1093/nar/gks1147
Omenn GS, States DJ, Adamski M, Blackwell TW, Menon R, Hermjakob H,
et al. Overview of the HUPO Plasma Proteome Project: results from the
pilot phase with 35 collaborating laboratories and multiple analytical groups,
generating a core dataset of 3020 proteins and a publicly-available database.
Proteomics (2005) 5:3226-45. d0i:10.1002/pmic.200500358

Anderson NL, Polanski M, Pieper R, Gatlin T, Tirumalai RS, Conrads TP,
et al. The human plasma proteome: a nonredundant list developed by
combination of four separate sources. Mol Cell Proteomics (2004) 3:311-26.
doi:10.1074/mcp.M300127-MCP200

Zhang Y, Zhang Y, Adachi ], Olsen JV, Shi R, de Souza G, et al. MAPU:
Max-Planck Unified database of organellar, cellular, tissue and body fluid
proteomes. Nucleic Acids Res (2007) 35:D771-9. doi:10.1093/nar/gkl784

da Cunha JPC, Galante PAE, de Souza JE, de Souza RE Carvalho PM,
Ohara DT, et al. Bioinformatics construction of the human cell surfaceome.
Proc Natl Acad Sci U S A (2009) 106:16752-7. d0i:10.1073/pnas.0907939106
Breiman L. Random forests. Mach Learn (2001) 45:5-32. doi:10.1023/
A:1010933404324

Genuer R, Poggi JM, Tuleau-Malot C. VSURF: an R package for variable
selection using random forests. R J (2015) 7(2):19-33.

Racusen LC, Solez K, Colvin RB, Bonsib SM, Castro MC, Cavallo T, et al.
The Banff 97 working classification of renal allograft pathology. Kidney Int
(1999) 55:713-23. d0i:10.1046/j.1523-1755.1999.00299.x

. Auton A, Abecasis GR, Altshuler DM, Durbin RM, Abecasis GR, Bentley DR,

et al. A global reference for human genetic variation. Nature (2015) 526:
68-74. doi:10.1038/nature15393

Krzywinski M, Schein J, Birol I, Connors ], Gascoyne R, Horsman D, et al.
Circos: an information aesthetic for comparative genomics. Genome Res
(2009) 19:1639-45. doi:10.1101/gr.092759.109

Gte T. GTEx Consortium, The Genotype-Tissue Expression (GTEx) project.
Nat Genet (2013) 45:580-5. doi:10.1038/ng.2653

Kuleshov MV, Jones MR, Rouillard AD, Fernandez NF, Duan Q, Wang Z,
et al. Enrichr: a comprehensive gene set enrichment analysis web server 2016
update. Nucleic Acids Res (2016) 44:W90-7. doi:10.1093/nar/gkw377

Chen EY, Tan CM, Kou Y, Duan Q, Wang Z, Meirelles G, et al. Enrichr:
interactive and collaborative HTML5 gene list enrichment analysis tool.
BMC Bioinformatics (2013) 14:128. doi:10.1186/1471-2105-14-128
Puttarajappa C, Shapiro R, Tan HP, Puttarajappa C, Shapiro R, Tan HP.
Antibody-mediated rejection in kidney transplantation: a review. J Transplant
(2012) 2012:1-9. doi:10.1155/2012/193724

Zhang Q, Reed EE. The importance of non-HLA antibodies in transplantation.
Nat Rev Nephrol (2016) 12:484-95. doi:10.1038/nrneph.2016.88

Wannhoff A, Rauber C, Friedrich K, Rupp C, Stremmel W, Weiss KH, et al.
Von Willebrand factor and alkaline phosphatase predict re-transplantation-
free survival after the first liver transplantation. United European Gastroenterol
] (2017) 5:86-93. doi:10.1177/2050640616650060

Frontiers in Immunology | www.frontiersin.org

December 2017 | Volume 8 | Article 1687


http://www.frontiersin.org/Immunology/
http://www.frontiersin.org
http://www.frontiersin.org/Immunology/archive
https://doi.org/10.1056/NEJMra0902927
https://doi.org/10.3389/fimmu.2016.00575
https://doi.org/10.3389/fimmu.2016.00575
https://doi.org/10.1681/ASN.2011060596
https://doi.org/10.1681/ASN.2011060596
https://doi.org/10.1681/ASN.2013121277
https://doi.org/10.1681/ASN.2013121277
https://doi.org/10.1155/2017/7903471
https://doi.org/10.1093/ndt/gfp526
https://doi.org/10.1093/ndt/gfp526
https://doi.org/10.1093/ndt/gfp782
https://doi.org/10.1093/ndt/gfp782
https://doi.org/10.1093/ndt/gfp086
https://doi.org/10.1111/ajt.13912
https://doi.org/10.1371/journal.pcbi.
1005088
https://doi.org/10.1371/journal.pcbi.
1005088
https://doi.org/10.1097/TXD.0000000000000626
https://doi.org/10.1111/ajt.12589
https://doi.org/10.1111/ajt.12589
https://doi.org/10.1111/j.1600-6143.2011.03926.x
https://doi.org/10.1111/ajt.12590
https://doi.org/10.1111/j.1600-6143.2008.02159.x
https://doi.org/10.1093/bioinformatics/btp324
https://doi.org/10.1093/bioinformatics/btp324
https://doi.org/10.1101/gr.107524.110
https://doi.org/10.1038/ng.806
https://doi.org/10.1002/0471250953.bi1110s43
https://doi.org/10.1038/nprot.2015.105
https://doi.org/10.1038/nprot.2015.105
https://doi.org/10.1038/nbt.3772
https://doi.org/10.1214/aos/1013699998
https://doi.org/10.1214/aos/1013699998
https://doi.org/10.1007/s12026-014-8516-1
https://doi.org/10.1016/j.ygeno.
2005.01.009
https://doi.org/10.1016/j.ygeno.
2005.01.009
https://doi.org/10.1016/j.cellimm.2007.01.012
https://doi.org/10.1093/nar/gks1147
https://doi.org/10.1002/pmic.200500358
https://doi.org/10.1074/mcp.M300127-MCP200
https://doi.org/10.1093/nar/gkl784
https://doi.org/10.1073/pnas.0907939106
https://doi.org/10.1023/
A:1010933404324
https://doi.org/10.1023/
A:1010933404324
https://doi.org/10.1046/j.1523-1755.1999.00299.x
https://doi.org/10.1038/nature15393
https://doi.org/10.1101/gr.092759.109
https://doi.org/10.1038/ng.2653
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.1186/1471-2105-14-128
https://doi.org/10.1155/2012/193724
https://doi.org/10.1038/nrneph.2016.88
https://doi.org/10.1177/2050640616650060

Pineda et al.

Variant Mismatch in Transplant Rejection

47. Martinu T, Pavlisko EN, Chen D-F, Palmer SM. Acute allograft rejection:
cellular and humoral processes. Clin Chest Med (2011) 32:295-310.
doi:10.1016/j.ccm.2011.02.008

Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Copyright © 2017 Pineda, Sigdel, Chen, Jackson, Sirota and Sarwal. This is
an open-access article distributed under the terms of the Creative Commons
Attribution License (CC BY). The use, distribution or reproduction in other forums
is permitted, provided the original author(s) or licensor are credited and that the
original publication in this journal is cited, in accordance with accepted academic
practice. No use, distribution or reproduction is permitted which does not comply
with these terms.

Frontiers in Immunology | www.frontiersin.org 17

December 2017 | Volume 8 | Article 1687


http://www.frontiersin.org/Immunology/
http://www.frontiersin.org
http://www.frontiersin.org/Immunology/archive
https://doi.org/10.1016/j.ccm.2011.02.008
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Novel Non-Histocompatibility Antigen Mismatched Variants Improve the Ability to Predict Antibody-Mediated Rejection Risk 
in Kidney Transplant
	Introduction
	Materials and Methods
	Study Design
	DNA Extraction and exomeSeq
	D/R Variant Mismatch
	Association Analysis Considering Clinical Endpoints
	Creating Gene Sets of Interest
	Gene Enrichment Analysis
	Prediction Analysis of Clinical Endpoints

	Results
	Higher Number of Pre-tx D/R Mismatched Variants Associate with Increased Risk 
of Post-tx AMR
	D/R Mismatched Variants Are Associated with AMR after Transplantation
	D/R Mismatched Variants in the HLA Region Have Less Impact on Post-tx AMR than Mismatched nHLA Variants
	The Variants Associated with Increase Risk of Post-tx AMR Are Enriched in Relevant Gene Sets
	Machine Learning Techniques Provide a Robust Prediction of Post-tx Rejection Risk Based on Novel D/R Mismatched Variants

	Discussion
	Ethics Statement
	Data and Materials Availability
	Author Contributions
	Acknowledgments
	Funding
	Supplementary Material
	References


