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Abstract

Purpose of Review Single-cell profiling, either in suspension or within the tissue context, is a rapidly evolving field.
The purpose of this review is to outline recent advancements and emerging trends with a specific focus on studies in
spondyloarthritis.

Recent Findings The introduction of sequencing-based approaches for the quantification of RNA, protein, or epige-
netic modifications at single-cell resolution has provided a major boost to discovery-driven research. Fluorescent flow
cytometry, mass cytometry, and image-based cytometry continue to evolve. Spatial transcriptomics and imaging mass
cytometry have extended high-dimensional analysis to cells in tissues. Applications in spondyloarthritis include the
indexing and functional characterization of cells, discovery of disease-associated cell states, and identification of signa-
tures associated with therapeutic responses. Single-cell TCR-seq has provided evidence for clonal expansion of CD8+
T cells in spondyloarthritis.

Summary The use of single-cell profiling approaches in spondyloarthritis research is still in its early stages. Challenges
include high cost and limited availability of diseased tissue samples. To harness the full potential of the rapidly expanding
technical capabilities, large-scale collaborative efforts are imperative.
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Introduction

The diseases belonging to the spondyloarthritis (SpA)
family are immune-mediated inflammatory conditions.
Multiple lines of evidence, including data from genome-
wide association studies, suggest the involvement of lym-
phocytes in SpA pathogenesis, though other cell types
are likely to play significant roles as well [1]. Recent
technological advances have revolutionized the way we
study cells, permitting the simultaneous measurement
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of numerous parameters per cell. These studies have
revealed remarkable heterogeneity within cell populations
that were previously thought to be rather uniform. Single-
cell profiling has emerged as a powerful tool enabling
the identification of previously unknown functional cell
states and characterization of differentiation trajectories.
Sequencing-based approaches now allow the examina-
tion of transcriptome, proteome, and epigenome of indi-
vidual cells either alone or in combination (multi-omics)
with thousands of cells per experiment. High-throughput
cytometry approaches such as fluorescent flow cytometry,
which analyze millions of cells in a typical experiment,
have also seen an increase in the number parameters that
can be measured per cell. The expanding spectrum of
single-cell profiling techniques holds great promise for
providing fresh insight into the underlying biology of
both health and disease (Fig. 1). In this review, we outline
recent technological advances and explore their applica-
tion in studies of SpA pathogenesis.
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Methods for the Profiling of Single Cells
in Suspension

Fluorescent Flow Cytometry

Cells in suspension are fluorescently labeled, typically
using fluorochrome-conjugated antibodies. In the flow
cytometer, the cells are directed in a single file line past
a series of lasers which excite the fluorochromes to emit
photons with a characteristic spectrum of wavelengths.
Current high-end cytometers contain up to six lasers and
can process up to 30,000 cells per second. In conven-
tional fluorescent flow cytometry, the intensity of the
emitted light is measured in a narrow window around
the peak emission wavelength of each fluorochrome.
Most fluorochromes have relatively broad emission
spectra resulting in fluorescent spillover between the
optical channels of the cytometer. This necessitates

mathematical data correction, referred to as compensa-
tion, which becomes increasingly complex as the number
of fluorochromes increases. In spectral flow cytometry,
instead of measuring emission peaks using discrete opti-
cal channels (one channel for each fluorochrome), the
full spectrum of the emitted light is analyzed [2]. The
contribution of individual fluorochromes to the total
emitted light signal is then determined by “spectral
unmixing.” This approach has been shown to provide
better resolution between closely related dyes, thereby
increasing the number of parameters that can be meas-
ured simultaneously [3]. Recent publications reported
staining panels with > 40 parameters per cell [4e, 5e].
A major advantage of fluorescent flow cytometry, both
conventional and spectral, is that the analysis of cells
can be combined with a sorting mechanism that permits
the collection of phenotypically defined viable cells for
subsequent in vitro studies Table 1.

Table 1 Comparison of techniques for single-cell profiling in suspension

Fluorescent flow cytometry

Image-based flow cytometry

Mass cytometry

Sequencing-based cytometry

Parameters per cell ~ Moderate (~ 30)

Throughput Very high (up to 30,000
cells/s)
Major advantages Very high throughput
Sorting for subsequent assays
is possible (FACS)

High degree of familiarity
with technique

Major disadvantages Moderate number of param-
eters per cell
Spectral overlap

Fluorochrome instability

Low (~ 10)
High (up to 5000 cells/s)

Direct visualization of cell
morphology

Low number of parameters
per cell

High (30-50)
Moderate (~ 1000 cells/s)

High number of parameters
per cell
No spectral overlap

Throughput lower than fluo-
rescent flow cytometry

Substantial cell loss

Cell sorting not possible

Very high (thousands)
Low (~ 10,000 cells per run)

Very high number of param-
eters per cell

No spectral overlap

Simultaneous gene expres-
sion and protein quantifi-
cation

Low throughput
Expensive

High turnaround time
Cell sorting not possible

Table 2 Comparison of techniques for single-cell profiling in tissues

Fluorescence microscopy

Incl. DNA barcoding/fluo-
rescent probes

Imaging mass cytometry

Scanning mass cytometry
(SMC), multiplexed ion-
beam imaging (MIBI)

Spatial transcriptomics

Next-generation sequencing
(NGS)-based

Imaging-based incl. in situ
sequencing (ISS)-based,

in situ hybridization (ISH)-
based

Parameters per cell  Low (~ 10) to high (50-100)

Major advantages Large scan area

High degree of familiarity
with technique

High spatial resolution

Tissue autofluorescence
Spectral overlap
Fluorochrome instability

Major disadvantages

Moderate—high (up to >
100)

High dynamic range

Low background

High spatial resolution

Commercial development
(SMC)

Small scan area
Slow

Very high (thousands)

Very high number of param-
eters (unbiased)
Commercial development

Limited spatial resolution
(not single-cell resolution)

High—very high (hundreds to
thousands)

High-very high number of
parameters per cell

High sensitivity (FISH)

High spatial resolution

Typically preselection of
targets required

@ Springer



146

Curr Rheumatol Rep (2024) 26:144-154

Image-Based Flow Cytometry

Image-based flow cytometry differs from fluorescent flow
cytometry in that a picture is taken from each cell so that
cell morphology can be assessed along with the fluorescent
signals [6]. While cell throughput and fluorescent options
have been lagging behind fluorescent flow cytometry, a
recent study introduced an image-enabled cell sorter that
could sort cells at a rate of ~ 15,000 cells/s [7]. Exam-
ples for the use of image-based flow cytometry include
the study of apoptosis (by examining changes in cellular
morphology), signal transduction, and protein-protein and
cell-cell interactions [6].

Mass Cytometry

The term CyTOF, cytometry by time-of-flight, is often used
synonymously with mass cytometry but is really a trade-
mark for a commercial application of this technology. In
mass cytometry, the cells are stained with antibodies that
are labeled with elemental metal tags [8]. Individual cells
are vaporized by an argon torch which ionizes the metal
atoms. The identity and number of the metal ions are then
determined using time-of-flight mass spectrometry. The
number of detected metal ions is proportional to the abun-
dance of the antigen. Mass cytometry eliminates spectral
overlap by differentiating probes based on discrete atomic
weights. Typical mass cytometry experiments measure
3040 parameters simultaneously. While forward and side
scatter are used to distinguish lymphocytes, monocytes, and
granulocytes in fluorescent flow cytometry, these optical
parameters do not exist in mass cytometry. To address this
problem, Tsai et al. introduced “scatterbodies,” antibodies
that target surrogates of physical cell properties such as
cytoskeletal and granule components [9]. The physics of
mass cytometry limit cellular throughput. As the cells pass
through the mass cytometer, many are lost and only 30 to
40% of cells can be analyzed. The ion clouds generated by
the torch also require a finite spacing that limits the rate of
analysis to ~ 1,000 cells per second. Moreover, cells get
destroyed during analysis, and cell sorting for subsequent
experiments is impossible [10].

Sequencing-Based Cytometry

Cytometry by sequencing, the most recent addition to the
single-cell profiling tool box, includes single-cell RNA-
sequencing (scRNA-seq) and a variety of related appli-
cations that rely on next-generation sequencing (NGS)
for target quantification. scRNA-seq enables unbiased,
transcriptomic analysis of individual cells [11]. Using
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droplet-based approaches, investigators can now perform
single-cell transcriptomic analysis of heterogenous cell
populations with tens of thousands of cells [12]. Droplet-
based scRNA-seq works by encapsulating an individual
cell in a lipid droplet containing beads attached to a bar-
code and unique molecular identifiers. The cell is lysed
and its RNA binds to the beads. During reverse transcrip-
tion, which is performed inside the droplet, each cDNA
molecule gets tagged with the cell-specific barcode and
the unique molecular identifier. All subsequent steps can
then be done with pooled cDNA. While fluorescent and
mass cytometry depend on prior knowledge of the cel-
lular phenotypes expected in a sample in order to design
an informative antibody staining panel, scRNA-seq over-
comes this limitation by providing an unbiased assessment
of the entire transcriptome. The ability to do this for tens
of thousands of cells at the same time has ushered in a new
era of hypothesis-generating research studies. scRNA-seq
has some disadvantages though. Lowly transcribed genes
and very short transcripts may not be picked up by cur-
rent sequencing methods. Moreover, multiplets, multiple
cells trapped in the same droplet, or ambient RNA from
lysed cells may confound the experimental output if not
accounted for using appropriate technical or bioinfor-
matic strategies to eliminate them from the downstream
data analysis [13—16]. Similar to mass cytometry, cells are
destroyed during sample processing. In addition, the work-
flow is significantly longer compared to non-sequencing
methods, the bioinformatic requirements for data analysis
are higher, and costs remain substantial.

In 2017, two groups independently described meth-
ods to combine RNA-seq with protein quantification at
the single-cell level, which they called cellular index-
ing of transcriptomes and epitopes (CITE-seq) and
RNA expression and protein sequencing (REAP-seq),
respectively [17, 18]. Similar to other cytometric meth-
ods, antibodies specific for protein targets of interest are
conjugated to a reporter which in this case is a unique
oligonucleotide barcode. After staining, a droplet-based
system is used to sequence the antibody barcodes and
the cellular transcriptome simultaneously. The number
of protein targets that can be measured with sequencing-
based cytometry is limited only by the length of the
barcode used to label each antibody clone. For exam-
ple, using a barcode length of eight nucleotides provides
over 65,000 unique identifiers. In the original REAP-seq
study, 82 proteins were labeled with barcoded antibod-
ies in addition to sequencing 20,000 genes [18]. In an
analogous way, single-cell sequencing has been used
to detect epigenetic modifications at the single-cell
level. In the single-cell assay for transposase-accessible
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Fig. 1 Single-cell profiling—overview. Created with https://www.biorender.com/

chromatin using sequencing (scATAC-seq), the prokary-
otic Tn5 transposase inserts sequencing adapters into
open chromatin regions, thereby allowing the genome-
wide identification of open chromatin regions, often

marking regulatory elements.[19] The combination of
sequencing-based cytometry techniques for multi-omics
analysis at the single-cell level is a very rapidly evolving
field [20, 21, 22e, 23e].

@ Springer


https://www.biorender.com/

148

Curr Rheumatol Rep (2024) 26:144-154

Methods for the Profiling of Single Cells
in Tissues

Traditional methods of immunohistochemistry (IHC), fluo-
rescence microscopy, or in situ hybridization have been
limited by the small number of cellular markers that can
be measured simultaneously. Isolating cells from tissues
for high-dimensional analysis of single-cell suspensions
has therefore been used but is associated with a number of
limitations. Fortunately, the technological advancements
in profiling single cells in suspension have spilled over
into the analysis of cells in tissues with a rapid growth of
the diversity and power of available techniques (Table 2).
An overview of major trends is provided below, and more
detailed information can be found in dedicated reviews
[24, 259, 26, 27].

Fluorescence Microscopy

Similar to fluorescent flow cytometry, spectral overlap is
a major limiting factor of fluorescence microscopy [28].
Nevertheless, confocal microscopes using spectral array
detectors in combination with sequential imaging have
allowed measuring up to 14 colors per slide [29]. In sequen-
tial imaging, the tissue section is stained with a first set of
antibodies and imaged. After removal of the antibodies (or
just the fluorochromes), the section is stained with a second
set of antibodies and imaged again. The obtained images
are then combined in silico. In a variation of this approach,
the monoclonal antibodies are labeled with a DNA barcode
(rather than directly with fluorochromes). Tissue sections
are first incubated with a panel of antibodies followed by
hybridization with fluorescently labeled oligonucleotides.
Co-detection by indexing (CODEX) using DNA-conjugated
antibodies has been used to detect up to 60 markers on the
same slide [30e]. Fluorescence microscopy has been helped
by the development of tissue-clearing techniques which per-
mit the penetration of staining reagents deep into tissues
and imaging of three-dimensional structures using confocal
microscopy [31, 32].

Imaging Mass Cytometry

Here, the tissue sections are stained with monoclonal
antibodies labeled with metal tags. Two major variants
have been described that differ in how the abundance of
the metal tags is quantified: scanning mass cytometry
(SMC) and multiplexed ion-beam imaging (MIBI) [24,
33, 34]. Imaging mass cytometry offers high sensitiv-
ity and dynamic range, and there is little to no channel
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cross-talk due to the discrete mass of the metal tags. How-
ever, data acquisition is slow and the area that can be
scanned is small [35]. Segmentation algorithms can be
applied to identify individual cells in the tissue section.
These cells isolated in silico can then be analyzed using
approaches developed for cells in suspension. Moreover,
the generated two- or three-dimensional maps can be
analyzed quantitatively to identify cell clusters or study
cell-cell interactions between cells of different type or
function [36].

Spatial Transcriptomics

This technique, also called spatially resolved transcriptom-
ics, was highlighted as the Method of the Year 2020 [37].
Two principal approaches for the highly multiplexed quan-
tification of gene transcripts in tissue sections have been
described, NGS-based spatial transcriptomics and imaging-
based spatial transcriptomics [25¢]. In NGS-based spatial
transcriptomics, mRNA is released from the tissue section
and captured so that information about the localization of
each molecule in two-dimensional space is retained. In the
original description of this method [38], the tissue section
is placed on a slide with a grid of dots (100 pm diameter,
spaced 200 pm center-to-center) each coated with bar-
coded oligo-dT constructs. After reverse transcription is
performed on the slide, the cDNA molecules are released
and transcript frequency is measured by standard NGS. The
origin of each transcript can be traced back to individual
dots in the grid by means of the location-specific barcodes.
The grid can then be overlaid onto a traditionally stained
tissue section to correlate gene expression with histology.
Using secondary data sources, it is possible to identify sig-
natures of cell types in the bulk signal from each dot that
permits (along with the histological appearance) drawing
conclusion about the cells present in this area of the tis-
sue section. NGS-based spatial transcriptomics approaches
appeal to translational research for several reasons. They are
relatively simple to implement due to their compatibility
with standard laboratory instruments and established NGS
workflows. They are also compatible with a variety of tissue
and sample types. Recent advances have enabled the use of
formalin-fixed paraffin-embedded (FFPE) tissues, which is
ideal for applying this technology to previously collected
clinical pathology specimens. Major limitations are a lack
of customizability to detect specific transcripts and the rel-
ative low spatial resolution. NGS-based spatial transcrip-
tomics is strictly speaking not currently single-cell analy-
sis, since the barcoded area typically encompasses more
than one cell. However, newer versions of this method, for
instance, using barcoded beads, have substantially improved
spatial resolution approaching cell size [39].
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In imaging-based spatial transcriptomics, RNA-seq or
multiplexed single-molecule FISH (smFISH) are performed
on the tissue section and the results are read out using fluo-
rescence microscopy. Examples include STARmap (spatially
resolved transcript amplicon readout mapping), MERFISH
(multiplexed error-robust fluorescence in situ hybridization),
and seqFISH (sequential fluorescence in situ hybridization)
[40-42]. Imaging-based spatial transcriptomics combines
high sensitivity with high spatial resolution. One potential
disadvantage of multiplexed smFISH is the limited num-
ber of mRNA probes, currently around 300 to 1000 targets,
depending on the technology platform. Another challenge
with this type of technology is the assignment of transcripts
to segmented cells. As technology and bioinformatic meth-
ods continue to improve, one can expect that measurement
of gene expression will continue to improve in terms of
dimension, accuracy, and specificity.

Applications in Spondyloarthritis Research

In the following section, we highlight recently published
studies as examples for the application of these techniques
in SpA research that show both the promise and challenges
in this field.

Indexing and Functional Characterization of Cells
in a Tissue

A state-of-the-art example for this approach is provided
by a recent study from the Accelerating Medicines Part-
nership (AMP) consortium which analyzed synovial tissue
specimens from patients with rheumatoid arthritis. A total
of 314,011 analyze cells from 79 patients were analyzed
by CITE-seq. The combination of transcriptional profil-
ing by RNA-seq with 58 surface protein markers identified
6 major cell types (B or plasma cells, T cells, NK cells,
myeloid cells, fibroblasts, endothelial cells) with a total of
77 distinct cell states [43] which were then analyzed fur-
ther. A similarly scaled study analyzed 528,253 cells from
19 skin samples with scRNA-seq revealing 34 cell types
or states in 4 major groups (dermal non-immune cells,
epidermal non-immune cells, lymphocytes and mast cells,
antigen presenting cells) [44]. Sequencing-based cytometry
is particularly well suited for cellular indexing because of
the large number of parameters that can be measured at the
same time. This avoids the need to make a priori restrictive
choices that limit the analysis to predefined cell types. At
least theoretically, an unbiased snapshot of all cells and
their phenotypes in a given tissue can be obtained [45].
Practically, the snapshot will be incomplete though, as
certain cell types (e.g., osteoclasts and adipocytes) are dif-
ficult to extract from the tissue. Moreover, the cell isolation

procedure may impact the number and phenotype of the
cells. Considerations of cost and feasibility often dictate to
limit the analysis to subsets of cells such as CD45+ hemat-
opoietically derived cells [46] or (even more restricted)
distinct immune cells populations [47, 48].

Analysis of Samples with Very Few Cells

The unbiased measuring of many parameters with
sequencing-based approaches is also useful when only
a very small number of cells are available for analysis.
Kasper et al. applied scRNA-seq to the analysis of cells in
the aqueous humor of patients with acute anterior uveitis
(AAU) [49]. The authors screened 4980 subjects and were
ultimately able to obtain aqueous humor from the anterior
chamber of the eye of 4 subjects with HLA-B27+ AAU,
2 with HLA-B27- AAU, and 1 patient with bacterial
endophthalmitis. After quality control, they could analyze
12,305 total cells which they assigned to 13 distinct clus-
ters. Not surprisingly, the bacterial endophthalmitis sam-
ple had more neutrophils, but there were also differences
between the HLA-B27+4+ and HLA-B27- AAU patients.
Unfortunately, a more detailed analysis was hampered
by the small number and high-interindividual variability
between samples. Batch variability is a well-recognized
problem in scRNA-seq studies, and methods such as Har-
mony, LIGER, or Seurat 3 have been developed to adjust
for this problem during data analysis [50-52]. However,
a smart experimental design that minimizes the risk for
batch effects in the first place remains essential.

Identification of Disease-Associated Immune Cell
Subsets

Several studies have attempted to identify disease-associ-
ated subpopulations in SpA based on the premise that only
a small fraction of inflammatory cells present in peripheral
blood or diseased tissue is central to the disease process.
For example, Qaiyum et al. designed a 36-marker mass
cytometry panel enriched for integrins and cell adhesion
molecules to analyze peripheral blood and synovial fluid
from patients with axSpA. They found a distinct popula-
tion of CD103+CD49a+CD8+ T cells (InEx cells) to be
expanded in axSpA patients [53] that phenotypically cor-
responds to tissue-resident memory T cells [54]. Alber
et al. studied PBMCs from patients with AS and healthy
controls using CITE-seq and identified an NK cell pop-
ulation expressing CD16, CD161, and CD38 as well as
cytotoxic genes that was overrepresented in AS patients
[55ee]. Steel et al. analyzed cytokine production of syno-
vial fluid mononuclear cells from patients with PsA find-
ing an enrichment of tissue-resident memory CD8+ T
cells in the joints of PsA patients that were polyfunctional
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and expressed IL-17A as well as IFN-y, TNF, and GM-
CSF [56]. Using mass cytometry, Yager et al. described
an expansion of monocytes and macrophages producing
osteopontin, CCL2, and IL-8 in PsA synovial fluid [57].

Clonal Analysis of Lymphocyte Receptors

A recurring theme in cellular profiling studies in SpA and
PsA has been a renewed focus on CD8+ T cells. Studies
in the 1990s had demonstrated clonal expansion of CD8+
T cells in reactive arthritis and AS [58] consistent with an
HLA-B27-restricted T cell response. However, technical
limitations at the time prevented the identification of the
antigenic targets of this immune response. Today’s single-
cell technologies permit revisiting the arthritogenic pep-
tide hypothesis by studying the TCR repertoire in individ-
ual cells isolated from target tissues. Using scTCR-seq,
recent studies confirmed the clonal expansions of CD8+
T cells in synovial fluid in PSA and SpA [59-62ee] as
well as in aqueous humor in HLA-B27+ AAU patients
[62e¢]. Importantly, these studies consistently identi-
fied cells with the same TRBV9-TRBJ2-3 sequence that
was previously found in studies in cloned CD8+ T cells
from reactive arthritis patients [63] and bulk CD8+ T
cells [64]. Yang et al. then expressed recombinant TRCs
and used yeast display to identify HLA-B27-restricted
peptides recognized by TCRs with this conserved CDR3
sequence. These peptides mapped to disease associated
microbes and human proteins [62ee].

Predictive Biomarkers and Signatures
of Therapeutic Response

Solberg et al. analyzed peripheral blood from patients
with psoriasis using a 26-parameter mass cytometry panel
searching for signatures associated with a response to
three types of biologics. They found a reduction of CD8+
T cells and Th17 subsets that correlated with a reduction
in PASI score. However, the number of analyzed patients
was probably too small to identify a cellular biomarker
predictive of response [65]. In a rare analysis of tissue
specimens from patients enrolled in a phase 3 randomized
controlled treatment trial, Mehta et al. compared skin
biopsy samples from patients with plaque psoriasis treated
with the IL-17A inhibitor secukinumab or the IL-23p19
inhibitor guselkumab. Tissue specimens collected at base-
line and after 4 and 24 weeks of therapy were digested
and analyzed by fluorescent flow cytometry. Interestingly,
inhibition of IL-17A vs. IL-23 had differential effects on
kinetics and type of observed changes in the inflammatory
infiltrate. While both treatments resulted in a reduction of
CD4+CD103-CD49a- T cells, only the IL-23p19 inhibitor
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reduced the frequency of CD8+ tissue-resident memory T
cells at week 24 [66ee].

Understanding Tissue Organization

In the first application of spatial transcriptomics in rheu-
matology, Carlberg et al. studied synovial tissue specimens
from seropositive RA and SpA. Analyzing gene expres-
sion in lymphocyte aggregates, they found an enrichment
of genes involved in adaptive immunity in RA and genes
involved in extracellular matrix organization and tissue
repair in SpA. While the resolution of the technique did
not allow for the identification of individual cells, the
authors could identify areas that were enriched for CD4+
and CD8+ memory T cells, class-switched B cells, and
plasma cells, respectively [67]. Despite its limitations
including small sample number and limited spatial reso-
lution, the study highlights how spatial transcriptomics
can provide insight in the organization of disease tissues
and differences between different diseases.

Access to Diseased Tissue in SpA

Access to tissue samples has been a major challenge in
studying SpA. While skin biopsies and joint aspirations are
performed routinely in clinical practice and the feasibility
of U/S-guided synovial biopsies for research purposes is
established, the analysis of enthesial or spinal tissue is
problematic. A single paper analyzed a small number of
needle biopsy samples from the Achilles tendon enthesis,
but there were no follow-up studies [68]. More recently,
Pachowsky et al. reported the collection of tissue speci-
mens suitable for IHC and gene expression analysis from
the lateral epicondylus of the elbow using a low morbid-
ity surgical procedure [69ee]. The McGonagle group has
published a series of papers analyzing discarded surgical
specimens from non-AS patients undergoing laminectomy
[70, 71]. A recent study from that group demonstrated the
presence of MAIT cells at spinal entheses [72], but the
value of these findings for understanding axSpA patho-
genesis is diminished by the lack of tissue from axSpA
patients. Appel et al. analyzed facet joint samples from AS
patients undergoing corrective spine surgery in a series of
papers [73-75]. Surgical specimens from axSpA patients
are typically from late stage AS although it might be pos-
sible to distinguish lesions at various stages of evolution
in the same patient [76]. Alternatively, the sacroiliac joint
and subchondral bone might represent a valuable although
currently underappreciated source of tissue for analysis
[77]. There is a major unmet need for tissue specimens
from the inflamed spine and SI joints from patients with
axSpA and axial PsA.
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Conclusions

The number of studies that have used single-cell profiling
methodology for the analysis of cells in suspension or tis-
sues in SpA is still small. Recent studies in RA and SLE
from the AMP consortium have demonstrated the value of
multi-center efforts for standardized sample collection and
the critical importance of studying cells from diseased tis-
sues rather than peripheral blood [78, 79]. AMP 2.0 includes
patients with psoriatic disease, and one should hope that
there will be similar efforts focusing on axSpA in the future.
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