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Abstract

Solid organ transplantation (SOT) is the standard of care for end-stage organ disease. The most frequent complication of
SOT involves allograft rejection, which may occur via T cell- and/or antibody-mediated mechanisms. Diagnosis of rejection
in the clinical setting requires an invasive biopsy as there are currently no reliable biomarkers to detect rejection episodes.
Likewise, it is virtually impossible to identify patients who exhibit operational tolerance and may be candidates for reduced
or complete withdrawal of immunosuppression. Emerging single-cell technologies, including cytometry by time-of-flight
(CyTOF), imaging mass cytometry, and single-cell RNA sequencing, represent a new opportunity for deep characterization
of pathogenic immune populations involved in both allograft rejection and tolerance in clinical samples. These techniques
enable examination of both individual cellular phenotypes and cell-to-cell interactions, ultimately providing new insights into
the complex pathophysiology of allograft rejection. However, working with these large, highly dimensional datasets requires
expertise in advanced data processing and analysis using computational biology techniques. Machine learning algorithms
represent an optimal strategy to analyze and create predictive models using these complex datasets and will likely be essential
for future clinical application of patient level results based on single-cell data. Herein, we review the existing literature on
single-cell techniques in the context of SOT.
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Introduction

Solid organ transplantation (SOT) has revolutionized the
treatment of end-stage organ disease. SOT, which includes
kidney, liver, heart, lung, pancreas, and intestine allografts,
has prolonged survival in patients with otherwise terminal
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diseases and improved overall quality of life [1]. The vol-
ume of SOT performed in the USA has been progressively
increased since the first successful kidney transplants per-
formed in the 1950s (Fig. 1a), with almost 25,000 kidneys
and 9000 livers transplanted in 2021 (Fig. 1b). Advances in
surgical techniques, immunosuppression protocols, donor
selection, and expansion of donor pool to include living
donors (for kidney and liver transplant) and deceased organ
donation after both circulatory and brain death have led to a
concurrent improvement in patient and graft survival.
Despite excellent outcomes, allograft rejection remains
the most frequent complication and important potential
cause of graft failure, morbidity, and mortality after SOT
[2-6]. Based on histological features, rejection episodes
are classified into three major clinicopathological entities:
acute cellular rejection (ACR), antibody-mediated rejec-
tion (AMR), and chronic rejection. ACR is mediated by the
activation of T cells recognizing donor human leucocyte
antigen (HLA) peptides and represents the most frequent
form of rejection, with an incidence that varies based on the
organ transplanted, donor type and recipient age, and most
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Fig. 1 a National cumulative numbers of transplants by year for all organs and all donors. b Number of transplants by organ type (all donors) in

the 2021

frequently occurring within 6 months of transplantation
[6-12]. Within the first year after SOT, pancreas transplant,
alone or in combination with kidney, has a rate of rejection
between 11.2 and 18% [7]. The incidence of ACR in lung
transplant recipients varies from 17.1 to 28% based on data
source, while the rate of rejection in heart transplant recipi-
ents is 20-25% for both children and adults [6, 8]. A higher
percentage of ACR is reported in liver transplant recipients,
where 25-60% of children and up to 25% of adults can expe-
rience at least one episode of rejection in the first-year post-
transplant, while the rate of rejection in kidney transplant has
been reported to range from 5 to 20% in recent years [9-14].
Prevention and treatment of rejection requires the lifelong
burden of immunosuppression that is inevitably associated
with increased risk of infection, de novo malignancy, and
cardiovascular and chronic kidney disease and thus directly
impacts long-term survival and quality of life [15, 16]. On
the other hand, a subset of SOT recipients can retain stable
allograft function while receiving reduced doses of immu-
nosuppressive drugs or after being completely weaned off
immunosuppression, achieving a state of “operational toler-
ance” [17-19]. Unfortunately, despite many attempts, there
are no reliable biomarkers that can predict which patients
may be candidates for immunosuppression minimization or
withdrawal [20-22].

Regardless of the type of SOT, the precise molecu-
lar underpinnings of rejection are poorly understood,
particularly in the clinical setting. Improving the under-
standing of pathogenic processes involved in rejec-
tion, such as the interplay between innate and adaptive
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immune responses, and the role of certain leukocyte
subpopulations in mediating both acute and chronic
allograft pathology, is crucial to identifying therapeutic
targets. An additional benefit of deep characterization
of alloimmune responses in transplantation is the pos-
sibility of identifying biomarkers of rejection. In liver
and kidney transplantation, clinicians monitor allograft
function using routine lab tests, such as serum creatinine
for the kidney or serum aspartate transaminase (AST)
and alanine transaminase (ALT) for the liver. While these
tests can be elevated during rejection episodes, it has
long been recognized that these tests offer low sensitiv-
ity and specificity for differentiating rejection episodes
from other etiologies of graft dysfunction including
infection or ischemia [23-26]. The diagnosis of rejec-
tion in other solid organs is notoriously challenging and
generally requires frequent surveillance biopsy proce-
dures. Optimal management of maintenance and rescue
immunosuppression is critical for allograft longevity.
Currently, the gold standard for diagnosis of rejection
involves biopsy of the allograft, which is often a small
core (16—18G) of tissue used for scoring by a patholo-
gist. Because of potential heterogeneity of pathologic
severity across within tissue, raising the possibility for
sampling error, multiple biopsy passes are typically per-
formed, with a minimum of five for lung and between
two and six for heart allografts. Six to eight portal triads
and five to ten glomeruli with two arteries are required
to provide an adequate sample in the case of liver and
kidney allografts, respectively [27-31]. Tissue sections
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are stained with hematoxylin and eosin (H&E) to assess
the presence of perivascular and interstitial inflamma-
tory infiltrates, damage and degeneration of parenchy-
mal cells, and the degree of endothelial inflammation.
Supporting stains for C4d (AMR) and other architectural
stains such as trichrome (fibrosis) can provide additional
diagnostic utility [32-35]. However, exploratory research
studies of allografts employing molecular and cellular
techniques are limited by scarce tissue availability. In
this scenario, highly dimensional and single-cell tech-
nologies, such as mass cytometry and single-cell and sin-
gle nucleus RNA sequencing (scRNA-seq, snRNA-seq),
represent a promising path for identification of different

cell lineages, including rare subset of cells, and in-depth
phenotyping which would be otherwise obscured from
whole-tissue analysis [36, 37]; they also provide infor-
mation on cell cycle states, epigenetic changes, signal-
ing pathway activation, and cytokine production [38—40].
Additionally, multiplexed protein imaging technologies,
including but not limited to imaging mass cytometry
(IMC), multiplexed ion beam imaging by time-of-flight
(MIBI-TOF), co-detection by indexing (CODEX), and
cyclic Immunofluorescence (CycIF) enable examination
of spatial relationships between immune cells and tissue
resident cells (Fig. 2) [41-45]. To overcome the loss of
spatial information in single-cell techniques, several new
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approaches referred to as “spatial transcriptomics” have
been developed to preserve functional tissue architecture
and provide the ability to resolve groups of interacting
cells [46]. A summary of the advantages and disadvan-
tages of the above techniques is illustrated in Table 1.

The aim of this article is to review the current litera-
ture regarding application of single-cell technologies to
the important immunological challenges in SOT. Spe-
cifically, this review focuses on cytometry by time-of-
flight (CyTOF) or mass cytometry, sSCRNA-seq/snRNA-
seq, and imaging mass cytometry (IMC) as principal
technologies adopted in SOT studies, as well as experi-
ments involving peripheral blood as a surrogate of tissue
biopsy findings. We also discuss potential application
of machine learning algorithms to develop predictive
models of clinical outcomes in the transplantation and
immunology fields.

l. Use of blood as surrogate of biopsy
sample: concordance of immune milieu
in tissue and peripheral blood.

I.A. Conventional techniques for examining
biomarkers in blood in SOT recipients

There are several situations where the clinical utility of bio-
markers of rejection and tolerance can be applied in SOT
[47]. First, biomarkers of rejection identified in the peripheral
blood can avoid the need for an invasive biopsy and could
also be performed more frequently, allowing for closer moni-
toring of graft function. Ideally, biomarkers would be predic-
tive of a patient’s status prior to development of clinical signs
of rejection, such as abnormalities in liver function tests so
that therapy could be initiated prior to any substantial graft
inflammatory insult. Moreover, biomarkers of alloimmun-
ity offer the potential to guide clinical decision-making and
determine which patients may be candidates for minimization
or withdrawal from immunosuppressive therapy. In patients
with operational tolerance, biomarkers are needed to monitor
and confirm that the tolerogenic milieu has been maintained.
Flow cytometry, microarrays, and RT-PCR are the traditional
methods that studies have been employed to characterize
immune phenotypes in peripheral blood and identify new
biomarkers of rejection. Flow cytometry uses antibody-con-
jugated fluorophores to identify distinct, known cellular sub-
populations based on surface markers. Most studies that use
flow cytometry focus on either the T cell or B cell responses,
and this technique is favored for identifying and comparing
proportions of leukocyte subsets. Microarrays utilize a chip
with a series of wells with pre-determined cDNA sequences,
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where tagged RNA enriched from samples is incubated and
hybridizes to detect a vast assortment of pre-determined tran-
scripts. This technique is most useful for transcriptome-level
quantification and defining cellular pathways and phenotypes.

In kidney transplantation, flow cytometry was used to
examine tolerant patients, and increased proportions of
regulatory T cells were found in PBMCs [48, 49]. In liver
transplant patients, an expansion of CD8 + CD28-T-sup-
pressor subpopulations was associated with lower rates of
acute or chronic rejection [50]. The understanding of the
humoral immune response in transplantation using flow
cytometry is more limited. In 2010, Pallier et al. found
that operationally tolerant kidney transplant patients had
increased levels of activated memory and early memory
B cells [51]. This study used flow cytometry for iden-
tification and quantification of B cell subsets, followed
by microarray to characterize the B cell gene expression
profile. Others have observed that regulatory B cells and
transitional B cells were increased in the peripheral blood
of tolerant kidney transplant recipients [52].

The main limitation to multichannel flow cytometry is
spectral overlap between fluorophores, which limits the
number of immune markers that can be used in combina-
tion within a given experiment. Using a higher number
of leukocyte markers increases the ability to distinguish
unique and potentially important subpopulations. Even
when adopting the maximal number of fluorophores in
flow cytometry studies, the use of established combina-
tions of markers may not uncover relevant heterogeneity
among subpopulations and could lead to bias in detec-
tion of certain subsets. Spectral overlap generally requires
supervised clustering, i.e., compensation and gating to
determine which cells are positive or negative for a given
marker to identify specific populations. Gating is subjec-
tive and relies on the knowledge of parameters such as
cell size, whether cell sizes change under different condi-
tions as well as marker expression, thus limiting the abil-
ity to identify unrecognized or novel populations. These
limitations have limited the application of flow cytometry
to define the detailed mechanisms of humoral or innate
immune components involved in rejection or tolerance.

Multiparametric analysis of PBMCs has been per-
formed less frequently in SOT. One study examined
peripheral blood from liver transplant patients using a
combination of flow cytometry, microarray, and reverse
transcription-polymerase chain reaction (RT-PCR) tech-
niques to identify increases in regulatory T cell subsets
in operationally tolerant patients [48]. In a different
study, microarray analysis was completed to identify 49
genes of operationally tolerant kidney transplant patients
using peripheral blood [53]. These studies demonstrated
that there was a link between the immune response in
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Table 1 Summary of the advantages, disadvantages, and application in the study of solid organ transplant rejection

Single-cell imaging ~ Target Technology Labeling Pros Cons Use in SOT
Flow cytometry Protein  Fluorescence detector ~ Florescence-based -Cell recovery -Spectral overlap reduce -Analysis of the
-Simple data analysis the measurement peripheral immune
-High cell throughput 10,000/s capability cell composition
-Sampling efficiency >95% -Autofluorescence during rejection vs no
-Fluorophore degradation rejection
-Possible identification of
peripheral biomarkers
and monitoring of graft
status
CyTOF Protein  Mass spectrometry Heavy metal-based -Simultaneous detection -No cell recovery -Analysis of the
of > 60 markers -Slow throughput 500 peripheral immune
-Detailed phenotyping of the cells/s cell composition
peripheral immune composi-  -$$ during rejection vs no
tion rejection
-Possible identification of
peripheral biomarkers
and monitoring of graft
status
IMC Protein ~ Mass spectrometry Heavy metal-based -Simultaneous detection -Slow throughput -Deep phenotyping of
of >40 markers (1Imm?/2 h) immune cell in tissue
-Highly sensitive/low noise -Requires $$ instrument infiltrate
-Tissue degradation -Analysis of cell-to-cell
-Complex analysis interaction
-Possible identifica-
tion of new target for
immunosuppression
treatment
MIBI-TOF Protein ~ Mass spectrometry Heavy metal-based -Simultaneous detection -Slow throughput -Deep phenotyping of
of > 40 markers (1mm?/5 h) immune cell in tissue
-Requires $$ instrument infiltrate
-Tissue degradation -Analysis of cell-to-cell
-Complex analysis interaction
-Possible identifica-
tion of new target for
immunosuppression
treatment
CycIF Protein  Cyclic imaging/fluores- Fluorescence-based -Standard reagent -Cell loss due to repeated -Can support pathology
cence Inactivation -Low cost bleaching cycles in rejection diagnosis
-No special instrument -Long time is required and guide the treatment
required -Lower multiplexing strategy once biomark-
compared to other tech- ers are established
nologies
CODEX Protein  Cyclic Imaging DNA-barcoding flores-  -Simultaneous detection -Multifluidic set up -Deep characterization of
cence based of > 50 markers required the immune infiltrate
-No tissue degradation in the allograft tissue
-Identification of
population target of
immunosuppression
treatment
sc-RNAseq RNA Sequencing Florescence-based -Detection of rarely expressed  -Certain cell population are -Detection of the
genes more vulnerable to tissue functional states of the
-Assay the whole transcrip- dissociation immune cell subpopu-
tome in the tissue -Complex analysis lation
-Lack of spatial relation- -Deep characterization
ship information of immune cell and
discovery of novel
cell type
-Hints on mechanism
underlying tolerance
and rejection
Spatial transcrip- RNA Sequencing Florescence-based -Query of the entire transcrip-  -Expensive -Study of the tissue

tomic

tome
-Retain spatial information

-Still low resolution
-Variability in number of
probed genes

organization and
relationship between
parenchymal and
immune cells

CyTOF, cytometry by time-of-flight; /M C, imaging mass cytometry; MIBI-TOF, multiplexed ion beam imaging by time-of-flight; CODEX, co-detecting by index-
ing; CycIF, cyclic immunofluorescence; sc-RNAseq, single-cell RNA sequencing
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transplant patients and circulating peripheral blood mon-
onuclear cells (PBMCs) that could be used to create a
noninvasive diagnostic signature for tolerance.

I.B. CyTOF analysis of blood for identification
of biomarkers of rejection

CyTOF allows for deeper immunophenotyping of circu-
lating leukocytes because combinations of more than 40
surface markers can be assessed at the single-cell level
without the complications of spectral overlap seen in
flow cytometry. This limitation is overcome by using
heavy metal-tagged antibodies that are detected using
mass spectrometry with a very discrete signal, rather than
fluorophores. The highly multiplexed capacity of mass
cytometry enables the detection of intracellular signal-
ing markers in conjunction with cell surface markers,
which allows simultaneous identification of a lympho-
cyte subset and characterization of its phenotype. More-
over, mass cytometry enables simultaneous assessment
of innate, humoral, and cytotoxic immune responses to
provide a more complete characterization of the immune
response in the setting of transplantation. These highly
dimensional datasets are visualized using dimensional-
ity reduction techniques including t-distributed scho-
lastic embedding (tSNE), vi-SNE, or Uniform Manifold
Approximation and Projection (UMAP) plots. While
with vi-SNE/t-SNE cells are shown as a continuum of
phenotypes, with cells colored based on the level of
expression of chosen parameters and pairwise distances
are transformed into probabilities based on t-distribution
retaining local data structure, UMAP is able to retain
both local and global data structure [54]. PhenoGraph
or FlowSOM, which are graph-based unsupervised clus-
tering algorithms, are then used to identify individual
immune cell subpopulations, allowing the exploration
of unanticipated phenotypes. Many investigators using
CyTOF data also use manual gating strategies, similar to
flow cytometry, to correlate clusters identified by Phe-
noGraph or FlowSOM with well-established immune
subsets. FlowSOM utilizes hierarchical clustering with
no down sample data; however it requires the number of
clusters to be predetermined, which can be difficult in
exploratory experiments, where an estimation of cell-
type diversity is hardly available. PhenoGraph relies on
nearest-neighbor connectivity model and can be poten-
tially impacted by large sample size (Fig. 2) [54, 55]. Of
note, the same algorithms are also adopted for the analy-
sis of data generated via imaging mass cytometry and
scRNA-sequencing. A summary of the markers used in
mass cytometry studies is listed in Supplemental Table 1.

CyTOF was first applied to transplantation immunol-
ogy to characterize the immune profile of operationally
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tolerant pediatric liver transplant recipients compared
to their counterparts on low-dose immunosuppression
[56]. This study used samples from seven operation-
ally tolerant patients defined as patients with stable
allograft function and no rejection episodes for more
than 1 year after complete immunosuppression discon-
tinuation and eight control patients who were main-
tained on low-dose single-agent immunosuppression.
The authors identified a specific T cell subpopulation
CD4* CD5* CD25* CD387"° CD45RA that correlated
with tolerance, confirming previous flow cytometry
studies that suggested a role for CD4 + regulatory T
cells in determining allograft tolerance. Another study
examining 26 patients identified distinct subsets of
exhausted T cells in peripheral blood that correlated
with improved outcomes in kidney transplant recipi-
ents. Mass cytometry was performed to define specific
CD4 + T cell exhaustion phenotypes. Five CD4+T cell
clusters were identified, CD4*PD-1TIGITTTIM3 2B4™,
CD4"PDI*TIGI*TIM32B4!°, CD4*Th1 exhausted,
CD4*Th2 exhausted, and CD4"PD1-4-1BB*TIM3*2B4*.
The percentage of these subpopulations was increased
six months post-transplant and associated with lower
rates of interstitial fibrosis and an improved glomerular
filtration rate. Lymphocyte subsets were also compared
between patients who were receiving a lymphocyte-
depleting regimen, anti-thymocyte globulin (ATG), and
patients who received a non-depleting induction ther-
apy. This comparison identified an increased propor-
tion of monocytes following ATG therapy while T-regs
increased over time in all subjects regardless of the type
of induction [57]. Li et al. further evaluated therapeutic
changes in immune responses by comparing peripheral
blood immune profiles using mass cytometry in kidney
transplant patients receiving tacrolimus or rapamycin
regimens [58]. This 29-marker immune panel identified
different T cell suppressive patterns and functional dif-
ferences in TCR signaling in patients taking rapamycin
versus those taking tacrolimus. The most comprehen-
sive application of mass cytometry in renal transplant
patients involved a 40-marker immune panel with mark-
ers for lymphocyte and myeloid lineages in 5 patients
[59]. In this study, immune subtype analysis of CD4 +,
CD8+, NK cells, yd T cells, DCs, and B cells revealed
phenotypically distinct subclusters within each cell type.
The study compared the relative abundance of these cell
clusters in kidney transplant patients before and after
receiving immunosuppressive therapy. ROC analysis
for each immune cluster to examine the feasibility of
using peripheral immune subpopulations revealed that
CD4 + T cells, monocytes/macrophages, and NK cell and
vd T cells were the strongest predictors for efficacy of
immune treatment (AUC =0.96, 1 and 1, respectively).
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These studies demonstrate that CyTOF can be used for
deep phenotyping of peripheral blood and has the poten-
tial to identify immune cell subpopulations that may be
evaluated as biomarkers in transplant. It is possible that
CyTOF analysis of blood samples collected from trans-
plant recipients can be used to develop more personalized
immunosuppressive strategies and ameliorate adverse
effects of too much or too little medication. However,
mass cytometry does have limitations that are important
to consider. Data acquisition can be more difficult when
using mass cytometry compared to flow cytometry, as
more cells are lost during the experimental procedure
and the data acquisition rate is slower [60]. Addition-
ally, many of these early studies have relatively small
sample cohort sizes, preventing broad interpretation of
key findings.

Il. Single-cell analysis of tissue-based
immune populations

I.A. Conventional techniques to examine immune
cells in allograft tissue

Prior to the introduction of single-cell techniques, the only
options for tissue characterization included immunohisto-
chemistry, immunofluorescence, and confocal microscopy.
When using these approaches, it can be very challenging
to optimize the staining protocol, minimize background,
and detect more than 3—4 markers simultaneously. As
mentioned previously, most biopsies performed in SOT
are needle cores, which usually only produce 5-8 discrete
tissue sections for both clinical diagnosis and research
use. Thus, detailed analysis of tissue architecture and
single-cell phenotypes, especially in the research setting,
has been very limited and a deep characterization of the
single-cell immune landscape of rejection in SOT remains
a largely unstudied research domain.

11.B. Imaging mass cytometry to examine immune
cells in allograft tissue

Prior studies have adopted mass cytometry to examine
individual cells obtained from allograft tissue. These
first attempts involved tissue dissociation to obtain sin-
gle-cell suspensions, red blood cell removal, and in some
cases cell stimulation. This approach enables deep cel-
lular phenotyping and extended characterization of func-
tional state, without preserving tissue architecture nor
the mutual cellular interactions [61-64]. More recently,
the development of imaging mass cytometry (IMC) has
offered a powerful tool that allows for detailed single-cell

analysis within a tissue section (such as a biopsy section)
while preserving spatial relationships. Formalin-fixed
paraffin-embedded (FFPE) or frozen tissue sections are
stained with a panel of up to 50 antibodies that have been
conjugated to metal ions from the lanthanide series to
reduce signal background. Tissue is then ablated with a
UV laser, vaporized, and analyzed by time-of-flight mass
spectrometer that quantifies each metal ion present in
as little as 1 pm? of tissue at 1000-nm resolution, which
is fivefold higher than standard immunohistochemistry
techniques. The isotope abundance is then used for image
reconstruction and downstream analysis, including at the
single-cell level (Fig. 2) [65]. Most IMC data has been
reported using the Fluidigm hyperion system; however,
another metal-based multiplex immunohistochemistry/
immunofluorescence platform has been also developed.
This is represented by multiplexed ion beam imaging
by time-of-flight (MIBI-TOF), which uses oxygen-based
primary ion beam for tissue ablation and metal isotopes
are liberated from antibodies as secondary ions which
are then delivered to a time-of-flight mass spectrometer
for quantification of ion abundance [65]. An alternative
to IMC involves DNA barcoding-based multiplexed tis-
sue imaging technology called Co-detection by indexing
(CODEX) which can detect > 50 antigens simultaneously.
CODEX uses primary antibodies conjugated with oligo-
nucleotides that are incubated to either fresh-frozen or
FFPE tissue. Fluorophore-labeled oligonucleotides that
are complementary to the oligonucleotide-conjugated
primary antibodies are serially added and removed for
image acquisition and reconstruction. When compared
to MIBI and IMC, CODEX does not degrade or destroy
the tissue specimen [67, 68]. Cyclic immunofluores-
cence (CyclF) is based on cyclic staining and imaging,
with bleaching for signal removal and re-labeling for
multiplexed imaging detection, enabling examination
of up to 60 antigens [69, 70]. CycIF uses commercially
available antibodies conjugated with fluorophores (e.g.,
Alexa Fluor Dyes) and image acquisition via conven-
tional microscopy. CyclF has several variants; however,
three-channel immunofluorescence combined with a
fourth channel for DNA visualization is most commonly
used. This multiplex technology provides information
on cell morphology and protein translocation essential
in studying the cytoskeleton, membrane receptor, and
nuclear foci [70].

Thus far, most studies using IMC have focused on
cancer immunobiology, inflammation, and autoimmune
disease. Our group has recently published the first appli-
cation of IMC in SOT, focusing on chronic rejection in
liver transplantation [71]. Given the paucity of IMC data
in SOT, we will review studies using IMC in SOT and
in tissue samples obtained from organs that are used in
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SOT (Tables 2 and 3). The most frequent markers used
in IMC studies is shown in Supplemental Table 1. The
subcellular resolution of IMC allows localization of
antigens within the cell (nucleus vs cytoplasm), and the
large number of antibodies available that can be used
simultaneously on a single section offers the ability to
define cell type and phenotype, activation state, signal-
ing pathway activation, cell-to-cell interaction, as well
as proliferation state, features essential for understanding
disease pathophysiology, and/or identification of novel
biomarkers. For these reasons, IMC (and other multi-
plexed tissue analysis techniques) is ideally suited for
the study of transplant immunology.

11.C Review of studies using IMC in SOT allografts

The first IMC application in the kidney transplantation
was conducted by Avigan et al. to examine the molecu-
lar mechanism underlying delayed graft function (DGF)
[72]. Preimplantation biopsy of 11 deceased donor
kidney transplants (DDKT) at high risk for DGF were
compared with 10 biopsies from living donor kidney
transplants (LDKT). DDKT showed a significant reduc-
tion in tubular cells, mainly proximal tubule cells, and
higher proportion of macrophage infiltration compared to
LDKT. A subgroup analysis of the DDKT group showed
that patients who ultimately developed DGF exhibited
a reduction in overall tubular cell number, mostly in
the connecting tubules/collecting ducts, with a com-
pensatory increase of stromal cells when compared to
high-risk patients with immediate graft function. This
analysis using IMC also revealed the presence of a small
cell population in the proximal tubule that was vimen-
tin +, megalin'®”, and co-expressing Ki67 and KIM-1,
both typical markers of injury, in close association with

Table 2 Summary of IMC studies on SOT allograft

macrophage-enriched infiltrates. These data suggested
that preimplantation tubular cell dropout can play an
important role in the development of DGF (Table 2) [72].

To our knowledge, our group has been the first to apply
IMC to characterize rejection in SOT by investigating the
alloimmunity landscape in patients with chronic rejection
(CR) post-liver transplantation [71]. A workflow of the
entire study is illustrated in Fig. 3. Using a 10-marker
pilot IMC panel, a total of 92,791 cell from 18 CR (14
adult and 4 children) and 16,454 cells from 5 normal liver
tissues without rejection (no rejection, NR) resulted in 29
meta-clusters, including 11 subpopulations with immune
markers. More than 90% of the immune subpopulations
identified were present in CR, which demonstrated a
greater proportion of macrophages, cytotoxic T cells, and
two other CD3 + T cell subpopulations when compared
to NR. Interesting, a distinct population of CD68 + mac-
rophages was completely absent, and CD66 + neutro-
phils were more prominent in NR. Spatial relationships
examined using neighborhood analysis demonstrated only
rare interactions among immune subpopulations in NR
tissue, while strong interactions were observed in CR,
particularly within the two CD68 + macrophage subpopu-
lations and the CD3 + CDS8 + cytotoxic T cell populations
(Fig. 3). Strong interactions were also observed between
macrophages and cytotoxic T cells and macrophages and
other T and B cells, strongly correlating with the upregu-
lation of the alloimmune response observed in the CR
(Table 2). Principal component analysis (PCA) showed
that CD20, CD3, CD45, CD66, CD8, and HLA-DR con-
tributed similarly to principal component 1 (PC1), and
explained almost 52% of the difference in cell distribu-
tion between NR and CR. Additionally, logistic regression
model demonstrated that PC1 could predict CR with a
probability above 75%(Fig. 3) [71].

Organ  Sample characteristics and size ~ No. of markers

Description of identified cell populations

Reference

Kidney 11 DDKT preimplantation 23 antibodies:

o Significant reduction of tubular cell, especially in the proximal

Avigan et al.

biopsies at high risk of DGF 17 tubular markers tubule of patient at risk of DGF [72]
10 LDKT preimplantation 6 immune cell markers o Further cell reduction in patient who developed DGF compared
biopsies to IGF

low

o Identification of a cell population vimentin +, megalin°¥,
Ki67 +, and KIM-1 +in region macrophages enriched

Liver 18 chronic rejection (4 children 10 antibodies:
and 14 adults) 8 immune cell markers
5 normal liver 1 collagen-1

1 nuclear intercalator

® 29 meta-clusters identified of whom 11 immune-related

o Greater proportion of macrophage-2, cytotoxic T cell-2 and [71]
unspecified T cells in chronic rejection

e Macrophage-1 was absent in normal liver

Ung et al.

o Cell interactions were rare in normal liver, but strong and multiple
interactions were observed among different cell subpopulation in
chronic rejection

DDKT, deceased donor kidney transplant; LDKT, living donor kidney transplant
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Table 3 Summary of IMC studies on organs used for SOT

Organ

Sample characteristics and size

No. of markers

Description of identified cell populations

Reference

Pancreas

Pancreas

Pancreas

Lung

Lung

Lung

Lung

Kidney

Kidney

4 healthy donors
4 recent onset T1D donors (<0.5 year)
4 long duration T1D donors (> 8 years)

6 healthy donors
12 T1D donors

13 healthy donors
16 T2D donors

10 COVID-19 patients with respiratory
distress

7 bacterial pneumonia

2 ARDS post-influenza

4 healthy lung

3 COVID-19 lung tissue

3 healthy lung

10 Lung squamous cell carcinoma

12 Lung squamous cell carcinoma

5 living donor biopsies
11 tumor-remote nephrectomies

3 COVID-19 kidney tissue
3 tumor-remote kidney tissue

35 antibodies: 25 Islet markers
10 immune cells markers

33 antibodies: 17 Islet markers
16 immune cells markers

33 antibodies:
19 islet markers
14 immune cells

36 antibodies:
20 immune makers
16 epithelial markers

27 antibodies:
25 immune cell markers

17 antibodies:
9 immune cell markers
8 epithelia cell markers

21 antibodies:
19 immune cell markers
2 tumor markers

23 antibodies:
17 tubular cells markers
6 immune cells markers

27 antibodies:
25 immune cell markers

o Downregulation of INS, PIN, IAPP, and PTPRN
markers in cells of donors with recent diabetes
onset

o Complete absence of p cells in T1D long duration

o Enrichment of CD3 + CD8 + CD45RA- cytotoxic
T cell, and CD3+ CD4 + helper T cell in recent
onset donors while scares immune infiltrate was
observed in islets of T1D long duration donors

o f3 cells and T cells interaction higher in donor
with recent onset of disease

® Reduction of vascular density and peri-islet collagen
in T1D

o Enrichment of CD4 +T cells, CD8+ T cells,
macrophages, and NK cells at different stage of
disease

o Identification in T1D donors of a cell population
with intermediate expression of NKX6.1, PDX1-,
and GCG"'e"

o Reduction of pB-cells and gain of a-cells in islets
of T2D donors

o Accumulation of type I collagen

o twofold increase in HLA-DR"#" macrophages
and HLA-DR"&" CD8 + T cells compared to
normal islets

o Predominant macrophage infiltration in COVID-19
lungs

o Increased number of fibroblast and mesenchymal
cell in the alveolar walls

o Increased interaction among macrophage, dendritic
cell and fibroblasts

o Higher levels of IL-6, CASP3, and C5b-C9 in
SARS-CoV2 infected cells, prove the hyperin-
flammation state

o Infiltration CD11b + macrophage and
CD11c+enriched

® Production of IL-10 by CD11b + macrophage

e Low expression of HLA-DR on macrophage and
dendritic cells

e a-SMA, collagen I, and CD90 identify cancer
associated fibroblast (CAF)

e CD14, CD16, and CD33 identify monocyte

e Significant interaction CAF and monocyte

o Interaction between CAF and CD4 +T cell

o Infiltration of CD4 +and C8 + T-cells in TME
with transition toward a memory cell phenotype

e Small number of B cell, NK, and NKT cells in TME

o Immunosuppressive cells CD33 +

o Identification of
CD3~CD25"CD127-CD4*Foxp3* cells secreting
high level of TNFa with possible proinflamma-
tory role

o Identification of a cell population megalin +,
aquaporin-1+, vimentin+in proximal tubules

o Overall minimal immune infiltrate in normal kidney,
largely consists of T cells and macrophages

e Rare granulocytes in normal kidney

o Increased immune cells infiltration in interstitial
nephritis composed by CD4 +, CD8 + T-cells
and macrophages, with lower number of tubular
stromal and endothelial cells compared to normal
kidney tissue

o CD11b+ macrophage and CD11c+ dendritic cell
infiltration in kidneys of COVID-19 patients

o B-cell infiltration

o TNFa overproduction

Damond et al. [79]

Wang et al. [80]

Wu et al. [81]

Rendeiro et al.
[75]

Wang et al. [73]

Xiang et al. [77]

Lietal. [78]

Singh et al. [41]

Wang et al. [73]

@ Springer



Seminars in Immunopathology

Table 3 (continued)

Organ Sample characteristics and size No. of markers Description of identified cell populations Reference
Liver 28 Immune active chronic HBV 30 antibodies: e Portal areas with increased infiltration of Traum et al. [74]
6 Immune tolerant chronic HBV 21 immune cell markers CD4 +and CD8 + T-cells, CD68 + Kupffer cells
7 hepatic structural markers and CD20+ B cells in patients with immune
2 HBV markers active chronic HBV
o Greater expression of HLA-DR, CD45RO, CD38
in immune infiltrate in portal areas of patients
with immune active disease meaning greater
cellular activation
o Correlation between cell density and phenotype
with serum ALT level
Liver 134 HCC 36 antibodies for epithelial, endothe- e Different distribution of stromal and immune Sheng et al. [42]
7 healthy lial, and immune cells cells with identification of 3 distinct regions in

HCC TME

o Identification of 22 meta-clusters

o Cellular neighborhoods showed an immunosup-
pression role for Kupffer cells and tumor suppres-
sion function for Infiltrating macrophages

o IMC data correlate with patient outcomes

TID, type 1 diabetes; 72D, type 2 diabetes; HBV, hepatitis B virus; HCC, hepatocellular carcinoma; ALT, alanine transaminase

11.D. Review of studies using IMC in organs used
for SOT

I.D.1 Kidney

The complex histopathologic organization of the human
kidney makes IMC a well-suited technique to study cel-
lular arrangement and interaction between parenchymal
and immune cells with high resolution and essential spa-
tial relationships. Using a 23-marker IMC and kidney-
MAPPS (multiplexed antibody-based profiling with pres-
ervation of spatial context) pipeline on 16 histologically
“normal” kidney samples, it was possible to recapitu-
late the cellular architecture of tubule, interstitium, and
glomeruli of both renal cortex and medulla and identify
22 distinct cell populations, including a rare population
of megalin 4+, aquaporin-1 4+, and vimentin + cells that
could represent an injured, fibrotic, or regenerative cell
type, respectively [41]. Three tumor-remote specimens
with immune infiltrate or interstitial nephritis visible
on H&E were compared with healthy tissues, demon-
strating fewer tubular, stromal, and endothelial cells as
well as increase in immune cells mostly represented by
CD4" and CD8* T cells and CD68" macrophages [41].
Abundance of CD11b* macrophages, CD11c" dendritic
cells, CD19* B cells, and overproduction of TNFa were
observed in single-cell analysis using IMC on kidney tis-
sue from patients who died from SARS-CoV2 infection,
suggesting a possible role of those cells in mediating
multiorgan injuries, while the unequal B cell infiltration
among various organs could be responsible for a differ-
ent susceptibility and tissue-specific immune response
to COVID-19 [73].

@ Springer

11.D.2 Liver

The liver is considered an immunologically privileged site,
thus an attentive study of its sophisticated immune micro-
environment remains essential to understand its response
to chronic infection, tumor promoting/suppressing func-
tion, and tolerogenic state in transplantation. A 30-marker
antibody panel was used to study patients with chronic
HBYV, showing greater immune cell enrichment, particu-
larly CD4* and CD8* T cells, CD20" B cells, and CD68"
Kupffer cells in the portal tracts of subjects with immune
active disease compared to immunotolerant subjects [74].
Investigation of the functional state showed a greater
activation (increased expression of HLA-DR, CD45RO,
CD38) of immune cells in portal tracts of patients with
immune active HBV infection. As well, both cell density
and phenotype correlated with serum ALT level, inflam-
mation, and fibrosis scores [74]. In a separate study
examining the TME in hepatocellular carcinoma, spatial
information gathered with IMC allowed identification of
22 meta-clusters and three distinct regions, with differ-
ent distribution of stromal and immune cells [42]. Based
on neighborhood analysis and identification of different
interaction partners, Kupffer cells were hypothesized to
be immunosuppressive and induce T cell exhaustion via
PD-1-PDI1L interaction, while infiltrating macrophages
had stronger antigen presentation function, suggesting a
tumor suppression role. Interestingly, the IMC data on
cellular neighborhood correlated with patient prognosis,
specifically that Kupffer cell enriched cellular neighbor-
hoods were associated with worse patient and disease-free
survival, while infiltrating macrophages were associated
with prolonged survival. Thus, IMC analysis suggested
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Fig.3 Schematic representation of IMC workflow for investigation of
chronic rejection in liver transplantation recipients. Liver tissue sec-
tions were obtained from patients who underwent re-transplantation
for chronic rejection (CR) of the primary graft. Pre-implantation liver
biopsies from donors were used as control for liver with no rejec-
tion (NR). Staining was performed using a cocktail of 11 antibod-
ies coupled with metal tags targeting immune cells. Tissue ablation
and measurement of the metal ion abundance by time-of-flight mass
spectrometry was performed using Hyperion Imaging System. Mul-

that Kupffer cells may represent a potential target for hepa-
tocellular carcinoma treatment [42].

11.D.3 Lung

The recent COVID-19 pandemic represented a further clini-
cal setting where IMC has been adopted for a comprehen-
sive examination of immune cells and cytokines involved
in the infection response within the human lung. Using an
IMC panel with 36 markers, Rendeiro et al. demonstrated
that lungs from COVID-19 patients had significant mac-
rophage infiltration, composed of predominantly intersti-
tial macrophages, and a higher number of fibroblasts and
mesenchymal cells were strongly correlated with increased
lung fibrosis scores reported by the clinical pathologist.
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tidimensional images were segmented using Ilastik and Cell Profiler.
t-SNE plots were used for dimensionality reduction to visualize level
of expression of individual markers for each cell. PhenoGraph was
used to establish immune meta-cluster identification. Cell subpopu-
lation proportions were compared between chronic CR and NR and
difference in macrophage and neutrophil proportions were observed
between the two cohorts. Principal component and regression anal-
yses were performed and revealed that PC1 had a high accuracy in
rejection prediction. (Created with Biorender.com)

The observation of an augmented interaction between mac-
rophages and fibroblasts or dendritic cells in the alveolar
walls might represent an attempt to repair the tissue damage
that results in fibrosis and thickening of the alveolar walls.
The hyperinflammatory state as well as apoptosis initiation
induced by SARS-CoV2 within alveolar epithelial cells was
demonstrated by higher level of IL-6, CASP3 and C5b-C9
in infected cells compared to not infected cells [75]. In a
multiorgan study by Wang et al. that included tissues from
the lung, intestine, spleen, kidney, and liver obtained from
patients with COVID-19 disease, the pulmonary immune
infiltrates were constituted by CD11b" macrophages pro-
ducing IL-10 and CD11c* dendritic cells, both character-
ized by low expression of HLA-DR. Thus, use of IMC high-
lights the pathophysiology and the dysregulated immune
response observed in SARS-CoV?2 infection, which may be
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the result of the activation of immunosuppressive pathway
mediated by IL-10 and inhibition of HLA-DR activation on
these two antigens presenting cell types, ultimately prevent-
ing the adaptive immune response [73].

IMC has also been used to investigate the heterogene-
ity of the tumor microenvironment (TME) in the study of
both lung adenocarcinoma and squamous cell carcinoma,
showing a strong interplay between cancer-associated
fibroblasts and monocytic myeloid cells which were polar-
ized to adopt a suppressor phenotype [76-78]. IMC also
revealed recruitment and interaction of effector CD8* and
CD4* T cells in the TME and their transition to a mem-
ory T cell phenotype, as well as the presence of CD33*
immunosuppressive cells. As well, a novel population of
CD3~CD4*Foxp3* cells negative for CD25 and CD127
with an unclear function was identified using IMC, which
was hypothesized to have a proinflammatory role due to
the high level of TNFa expression [78].

11.D.4. Pancreas

IMC has been used in two studies using human pancreata,
aiming to better understand the pathophysiology of type
1 diabetes [79, 80]. Pseudotime analysis, an algorithm
that can measure the progression of individuals along a
certain biological process of interest based on a collection
of high-dimensional molecular data, of 1,581 pancreatic
islets was used by Damond et al., showing that patients
with recent onset of diabetes had a near-normal fraction
of P cells, although their phenotype was altered in the
period preceding their autoimmune destruction [79].
More importantly, IMC analysis of spatial interactions
between immune cells and islets showed that T-helper and
cytotoxic T cells were more abundant at the onset stage,
likely driving the immune-mediated destruction of islet
cells. Conversely, these cells were less abundant in long
duration diabetes, suggesting that T cell inflammation
resolves after islet destruction [79]. Wang et al. reported
progressive changes in the islet architecture, includ-
ing reduction in vascular area and modification of the
extracellular matrix, associated with ongoing reduction
in the number of fp cells until their complete disappear-
ance. Analysis of 2,191 islets with a panel of 33 markers
showed molecular and phenotype alterations in a cells,
suggesting a possible role for transdifferentiation of «
cells to P cells as a compensatory response to hypergly-
cemia. Echoing the previous study, enrichment in CD8* T
cells was found in those islets that still contained p cells,
where upregulation of HLA-ABC on both endocrine and
ductal cell types was associated with CD8* T cell recruit-
ment [80]. Analysis of more than 2 million cells from 13
nondiabetic and 16 type II diabetic donors using an IMC
panel composed of 33 markers demonstrated a remodeling
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of the endocrine pancreas, with loss of f§ cells and simul-
taneous gain in a cells and accumulation of type I col-
lagen [81]. Moreover, the intra-islet immune infiltration
of patients with diabetes showed a twofold increase in
HLA-DR"2" macrophages and HLA-DR"&" CDS8 T cells
when compared to healthy individuals, providing impor-
tant insights in the phenotype of immune cells involved
in type II diabetes [81].

lll. Tissue and blood-based analysis
in transplantation using single-cell RNA
sequencing (scRNA-seq)

lll.A. Single-cell RNA sequencing to examine
immune cells in allograft tissue

Advances in deep sequencing have led to the development
of bulk RNA seq, which enables tissue level characteriza-
tion of the entire transcriptomes [82]. Pooled cell popu-
lations, typically comprising thousands of cells, can be
evaluated to provide insights on contrasting gene expres-
sion signatures (differential expression) between experi-
mental groups (Fig. 2). The first whole transcriptome
single-cell analysis emerged in 2009 and since that time,
a multitude of new scRNA-seq technologies have been
developed [83]. Similar to other single-cell technologies,
scRNA-seq techniques have led to rapid advances in our
understanding of cellular phenotypes mediating disease
processes that would be otherwise obscured by whole-tis-
sue analyses. A major drawback is that studies involving
scRNA-seq are expensive, however as more high-through-
put technologies emerge, more cells can be analyzed with
lower cost per cell. Ultimately, these techniques have fur-
ther delineated novel cell subpopulations and signaling
pathways mediated in disease processes and have already
begun to show great promise in SOT (Table 4).

111.B. Review of studies using sc-RNA-seq in organs
used for SOT

111.B.1. Liver

The first study on human liver transplantation and rejec-
tion has been recently published [84]. Li and colleagues
analyzed 55 liver allograft biopsies, 7 livers (3 =health
and 4 =liver transplantation), and 4 PBMC specimens.
Liver biopsies obtained from transplanted patients, espe-
cially those with ACR, showed a higher percentage of
exhausted CD8 T cells, suggesting that those cells may
play a role during in the allograft tolerance. Addition-
ally, LDLR + myeloid-derived suppressor cells (MDSC)
expressing high level of TIGIT and Nectin2 were increased
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in liver transplantation tissues, especially in rejection tis-
sues, suggesting their role in immune tolerance induction.
Finally, the increased presence of CCR6TCD4* T cell in
the graft might suggest the presence of a higher propor-
tion of memory T cells along with DC cells in the liver
after transplantation. Interestingly, the author described
the presence of a novel CD4*CD8*FOXP3™ T cell popula-
tion in the context of liver transplantation [84].

For the study of the normal immune environment in liver,
Zhao et al. used specimens from the liver, blood, and spleen
from organ donors to represent “healthy human subjects”
and isolated CD45 +immune cells within each and then
performed scRNA-seq on over 70,000 immune cells [85].
With unsupervised clustering, they identified 30 discrete
immune cell subpopulations across all sample types and
given that scRNA-seq aims to characterize a cell’s entire
transcriptome; this is likely a good representation of the
true heterogeneity across immune cells in human. They also
noted reproducibility across individual donors but impor-
tant differences in the immune compartment across blood
liver and spleen. The characterization of the specific cell
subpopulations which were represented in the liver revealed
novel heterogeneity among monocytes, NK and T cells, and
B cells. Rocque et al. extracted this dataset as well as data-
sets from two additional high-quality scRNA-seq studies of
human liver to increase the number of patients included and
describe a meta-atlas of liver immune homeostasis [86—88].
This study comprising immune subsets within the liver from
17 unique human subjects described key pathways involved
in liver immune homeostasis within subpopulation com-
partments such as upregulated apoptosis signaling in NK
and T cells in the liver immune compartment relative to
the peripheral blood immune compartment. These results
provide a detailed account of the liver immune homeostasis
which includes mechanisms of immunotolerance and are a
branch points for the study of alloimmunity, immunosup-
pression, and rejection in SOT.

Yang and colleagues produced an experimental model
of liver transplantation in rats where recipients either
received fatty donor liver (FDL) which is more susceptible
to ischemia—reperfusion injury or control donor liver (CDL)
[89]. ScCRNA-seq was used to identify a subset of inflamma-
tion-associated Kupffer cells which were characteristic of
FCL, had a pro-inflammatory phenotype, and likely medi-
ated ischemic injury following transplantation with FDL.
Additional analysis of T cell subpopulations revealed that
CCR7" CD8™ T cells in FDL were noted to have a pro-apop-
totic and pro-inflammatory phenotype. Further inflammatory
pathways highlighted a role for multiple IL2 receptor subu-
nits suggesting that IL2 might mediate this inflammation.
The authors posited that early anti-IL2R induction therapy
may be considered as an effective treatment for acute rejec-
tion in human patients who underwent transplantation with

steatotic livers. This study again highlights how the deep
characterization of immune profiles using scRNA-seq can
generate clinical hypotheses that may lead to improvements
in clinical treatment algorithms.

11.B.2. Kidney

To date, there is a larger body of literature employing
scRNA-seq in kidney transplant immunology. The first study
to emerge was in 2018 which described a patient with Banff
1B acute T cell-mediated rejection of their kidney allograft
compared with a discarded donor kidney of a 70-year-old
male with a serum creatinine of 1.1 [90]. Rejection appeared
to be associated with the presence of a pro-inflammatory
nonclassical monocyte subpopulation, and these cells
expressed DC maturation markers suggesting a differentia-
tion toward a DC fate. Characterization of epithelial cells
showed pro-inflammatory gene signatures via TGF/BMP
indicating that epithelial damage may further augment
inflammatory signaling [90]. Another interesting study by
Malone and colleagues took the analysis of the rejecting kid-
ney transplant a step further to characterize leukocyte chi-
merism (i.e., roles of donor and recipient immune subsets)
in patients with antibody-mediated rejection [91]. Whole
exome sequencing of recipient and donor samples was used
to identify single nucleotide polymorphisms between donor
and recipient and to identify the origin of the cells in the
scRNA-seq dataset. Interestingly, donor origin macrophages
and lymphocytes comprised a major proportion of these
cell subpopulations and donor-derived macrophages had a
wound healing phenotype and did not appear to diminish
linearly over time, but rather changed with rejection sta-
tus. Recipient macrophages were enriched in rejection and
had an activated phenotype. Ultimately, this study suggests
that donor macrophages may play an important role in the
response to alloimmune graft injury, and these complex and
unique chimeric immune responses warrant further study to
understand transplant immunology more fully.

When scRNA-seq was applied to chronic kidney trans-
plant rejection (CKTR), it was found that CKTR had
increases in mature and memory B cell markers and CKTR-
associated monocytes appeared to have upregulation of
inflammatory pathways [92]. Myofibroblasts were also
expanded on the CKTR tissue relative to normal kidney
and showed increases in activation, migration, and collagen
expression which correlates with increased allograft fibrosis
seen with CKTR.

lll.B.3. Lung
The single-cell transcriptomics literature is limited

across other types of SOT in humans and in animal
models, but a study of macrophages and monocytes in
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Table 4 Summary of scRNA-seq studies on organ used for SOT

Organ Sample characteristics and size Description of the identified cell population Ref
Liver 55 biopsies e CD163 + Kupfter cell decreased in the liver allograft Lietal. [84]
3 healthy liver e Detection of CD4+CD8 +FOXP3 +T cell in liver graft
4 liver transplantation o Higher proportion of exhausted CTLA4 +CD8+T cell and
4 PBMC LDLR-MDSC cells in rejection tissue
o Increase in memory CCR6+CD4+T cell in liver allograft
Liver 3 Healthy liver, spleen and blood o 30 discrete cell populations comprising 13 of T and NK cell, 7 of Zhao et al.
B cell, 4 of plasma cell, and 8 of myeloid cell [85]
o Structure of Immune cell compartments differs among blood,
spleen and liver
o CXCRG6 as liver-resident marker for both T and NK cells
o Tissue-CD14 +monocytes, CD16 + monocytes and macrophages
in spleen and liver, absent in blood
o 7 clusters of B cells with different tissue distribution
Liver 17 healthy liver o Signatures of immune hepatic homeostasis Rocque et al.

Liver (rat)

3 fatty donor liver
3 healthy donor liver

o Upregulation of apoptosis signaling in liver resident T and NK
cells

o Cell trafficking, inflammatory response and cell—cell interactions
were downregulated in T and NK cell

o Myeloid cells exhibit phenotypic patterns of diminished immune
cell functioning, and enhanced cell death

o Identification of Kupffer cell subpopulation with pro-inflammatory
phenotype in fatty liver donor

o Higher proportion of dendritic cell in fatty liver donor

o XCRI1 +dendritic cell enriched in fatty liver donor can exacerbate
the liver injury

o CCR7+CD8+T cell exhibit a pro-inflammatory and pro-apoptotic
role

e CD16+non classical monocytes are associated with rejection
e SDC3, ABCAI1, and several dendritic cell maturation markers,
including APOE,22 PDE3A, IGKC,23 LGMN, and iCD83,24

suggested differentiation of monocyte into dendritic cell in situ
o 3 different subclusters of endothelial cells: one in resting state

and two ABMR response states consisting of an angiogenic

state or an Ig phagocytosis state, probably mediating a humoral

e Donor macrophages express genes associated with a wound-
healing phenotype

e Recipient macrophages express genes associated with a classically
activated macrophage phenotype and are enriched in rejection

e Recipient-origin T cells correlated highly with rejection

o 5 different NKT cell clusters, 2 predominant in healthy kidney, 3
prevalent in chronic rejection

e Memory B cells revealing immune activation-associated
pathways (inflammation, proinflammatory cytokine and B cell
proliferation) upregulated

o Myofibroblasts expanded in chronic rejection

Kidney 1 healthy kidney

1 core biopsy from kidney transplant

response

Kidney Core biopsy from 5 kidney transplant recipients

5 kidney core biopsy paired donors
Kidney 3 healthy kidney

2 chronic rejection core biopsy
Lung 42 healthy lung

Bronchoalveolar lavage cells from 4 sex-mis-
matched lung transplant recipients

o The majority of alveolar macrophages are recipient derived
o Circulating monocytes change during healthy aging, decreasing
in elderly compared to young adult

[86]

Yang et al.
[89]

Wau et al.
[90]

Malone et al.
[91]

Lie et al. [92]

Byme et al.
[93]

sex mismatched lung transplant recipients identified that
donor-derived airway macrophages are largely replaced
by recipient-derived donor precursors [93]. Further stud-
ies are warranted to delineate how these cells that have
the potential to mediate robust inflammatory responses
are implicated in acute lung allograft rejection and/or
bronchiolitis obliterans which pose major threats to
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allograft and patient survival. Most scRNA-seq studies
in SOT have emerged within the past 4 years, and thus it
is likely that more studies will soon uncover novel and
important cell populations and pathways that mediate
rejection which could lead to more sophisticated mod-
eling of patient outcomes and the discovery of new or
optimized therapeutic targets.
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IV. Application of machine learning
techniques to examine potential
associations between single-cell signatures
and clinical outcomes in SOT

Currently, predictive models for outcome trajectory and
assessment of risk of rejection in transplant recipients are
limited. The recent introduction of single-cell techniques
that offer the potential to identify predictive biomarkers
of rejection come with the challenge of analyzing large
highly dimensional datasets which require additional skills
in computational biology to analyze and model these data.
The complexity of these data has necessitated development
of new computational tools for dimensionality reduction,
data normalization, visualization, cell population identifica-
tion, and sample classification [94-96]. While most experi-
ments using single-cell analysis have not been performed in
a large cohort of patients, the granularity of the single-cell
data can overcome a lower sample size and enable explora-
tion of biomarkers and their potential association with clini-
cal outcomes including post-transplant including delayed
graft function, rejection, and infection. Advanced statistical
approaches such as machine learning (ML) and regression
analysis are well suited for these analyses. ML is already
routinely used to enable visualization of high dimensional
data in 2- or 3-dimensional graphs using dimensionality
reduction techniques such as PCA, UMAP, and t-SNE for
mass cytometry and scRNA-seq datasets [94, 95]. These
tools facilitate data visualization, interpretation, and later
statistical analyses. Unsupervised and supervised ML meth-
ods have also been developed for cell identification. While
unsupervised methods such as PhenoGraph are considered
unbiased, as they do not require previous model training,
the cell population identity must be assigned by research-
ers based on marker expression, and it may be not possible
to compare cellular phenotypes generated using this strat-
egy across multiple datasets. Supervised clustering requires
manual training of classifiers that can be subsequently
applied to new data. While these models can be general-
ized to new datasets, they have implicit bias due to manual
labeling of cells and are limited by pre-existing knowledge
of certain cell types.

In terms of predictive modeling, regression analysis has
traditionally been the “gold standard” for statistical mod-
eling, but this approach is limited by the assumption of lin-
ear variable relationships. ML techniques allow for deeply
complex data analysis on not only individual variable levels,
but also on the nuanced relationships between any number of
variables, including integration of single-cell data, relative
to a specific outcome [97, 98]. It is clear that the application
of ML is expanding, as illustrated by a recent review of these
techniques in the field of liver transplantation [99].

ML algorithms have been widely tested to identify links
between biomarkers and clinical outcomes in kidney trans-
plantation [100-103]. Using recursive feature elimination
(RFE), eight clinical explanatory features were identified
as having a strong correlation with severe pneumonia in
patients after DDKT. Those variables were used in combi-
nation with five different ML algorithms, and random forest
displayed the best predictive performance, showing a speci-
ficity of 0.97, sensitivity of 0.67, and area under the receiver
operating characteristic curve (AUROC) of 0.91 [102]. In
another study, archetypal analysis models were applied
to molecular profiles obtained from tissue microarray of
kidney allograft biopsies to classify rejection episodes in
six archetypes. For each biopsy, a score for each archetype
was assigned, resulting in a final probability to belong to
the highest scored archetype; however, there was a variable
disagreement with the histological diagnosis [101]. Two
separate studies examining rejection-associated transcripts
previously identified in kidney biopsies explored archetypal
analysis models demonstrating that it was possible to clas-
sify four different phenotypes of rejection in heart and lung
transplant tissue [104, 105]. Although molecular classifiers
could predict molecular diagnosis of rejection, discrepancy
still remain in their correlation with the histological diag-
nosis of rejection [104, 105]. Lee et al. compared the pre-
dictive accuracy of multivariable logistic regression to ML
models for the development of acute kidney injury follow-
ing liver transplant [106]. This study showed that gradient
boosting ML resulted in the best accuracy prediction for
acute kidney injury and that random forest model performed
better than logistic regression [106]. Wadhwani et al. uti-
lized ML analyses to evaluate registry data for pediatric
liver transplant recipients at 1-year post-transplant, to suc-
cessfully identify favorable factors predisposing a patient
to ideal outcome at 3 years, as well as predictive factors for
non-ideal outcomes [107]. ML represents a useful tool for
risk stratification and outcome prediction in SOT recipi-
ents and can ultimately assist clinicians in delivering more
targeted therapies and interventions as well as optimize
resource allocation.

V. Conclusions

In summary, by utilizing the increased dimensionality,
CyTOF, scRNA-seq, and snRNA-seq applied to periph-
eral blood can help to identify the peripheral modification
of the immune system during episode of SOT rejection.
Analysis of the tissue allograft by IMC or RNA-seq offers a
detailed description of the entire spectrum of immune cells
involved in the rejection process within the transplanted
organ and the relationship among different parties. Thus,
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the implementation of these techniques in the identifica-
tion of rejection, immunotolerance, and biomarkers could
transform transplant medicine. Not only would clinicians
be able to use more data points than currently available, but
they also could possibly limit the procedural risks associated
with obtaining tissue biopsy samples. As demonstrated by
Zamora et al., computational analysis of an array of bio-
markers can identify markers of disease progression as well
as possible therapeutic targets for future development [108].
By combining machine learning and single-cell data, prom-
ising predictive models could likely be generated which in
turn, could lead to novel therapies, improve management
strategies, and optimize patient outcomes.
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