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SUMMARY

In this study, we optimized the dissociation of synovial tissue biopsies for single-cell omics studies and
created a single-cell atlas of human synovium in inflammatory arthritis. The optimized protocol allowed
consistent isolation of highly viable cells from tiny fresh synovial biopsies, minimizing the synovial biopsy
drop-out rate. The synovium scRNA-seq atlas contained over 100,000 unsorted synovial cells from 25 sy-
novial tissues affected by inflammatory arthritis, including 16 structural, 11 lymphoid, and 15 myeloid cell
clusters. This synovial cell map expanded the diversity of synovial cell types/states, detected synovial neu-
trophils, and broadened synovial endothelial cell classification. We revealed tissue-resident macrophage
subsets with proposed matrix-sensing (FOLR2+COLEC12high) and iron-recycling (LYVE1+SLC40A1+) ac-
tivities and identified fibroblast subsets with proposed functions in cartilage breakdown (SOD2high

SAA1+SAA2+SDC4+) and extracellular matrix remodeling (SERPINE1+COL5A3+LOXL2+). Our study of-
fers an efficient synovium dissociation method and a reference scRNA-seq resource, that advances the
current understanding of synovial cell heterogeneity in inflammatory arthritis.

INTRODUCTION

Chronic inflammatory arthritides, such as rheumatoid arthritis (RA) and the family of spondyloarthritides are clinically, radiologically, and

molecularly diverse systemic autoimmune diseases that involve peripheral synovial joints and the axial skeleton.1,2 They affect a considerable

proportion of the world population and are associated with significant morbidity, lifelong disability, extraarticular manifestations and shorter

life expectancy.3–5 Advances in therapy over the last decades have improved patient outcomes considerably and have pointed toward unique

but also shared pathogenic pathways in different inflammatory arthritides.6,7 Despite these advances, the management of inflammatory ar-

thritides faces critical challenges, including the development of precision medicine, targeting the stromal cell compartment, and discovering

novel pro-resolution drugs.8–10

The synovial tissue, a delicate inner layer of the joint, is the primary disease site in inflammatory arthritides, while spondylarthritis types also

affect the entheses.11,12 Given the central role of the synovium in inflammatory arthritides, understanding the identity and heterogeneity of its

vital cellular components is essential to improve arthritis management and therapy.13,14 Single-cell RNA-sequencing (scRNA-seq) combined

with advancement in minimally invasive synovial biopsy15 has expanded our knowledge of synovial cell composition across arthritis
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conditions16,17 and activity states18 (e.g., remission vs. flare). Furthermore, combined with functional experiments, single-cell omics has been

instrumental in establishing new concepts in inflammatory arthritis, including the break of the synovial lining macrophage barrier19 and diver-

gent specialization of lining and sublining synovial fibroblasts into matrix-destructive and proinflammatory cell types.20,21

Biobanking of viably frozen tissues simplifies retrospective sample selection and allows for centralized tissue processing and scRNA-seq,

thereby decreasing the cost, minimizing batch effects, and facilitating multicenter studies.16,22 However, dissociating cryopreserved synovia

may lead to inconsistent cell recovery and possible loss of sensitive, short-lived cell populations such as neutrophils, thereby introducing an

inherent analysis bias. This bias could be overcomeby isolation and analysis of cells from fresh prospectively collected synovial tissue samples.

To date, most synovial scRNA-seq studies were carried out on the RA synovium, mainly using viably cryopreserved synovial tissues or pre-

sorted synovial cell types16,23 and the protocol for dissociating cryopreserved synovia has been optimized by Donlin et al.22 The largest

scRNA-seq dataset from the fresh RA synovium, published by Stephenson and colleagues, comprises more than 20000 unsorted scRNA-

seq cell profiles from synovectomies of five RA patients.17

Our team investigates the pathobiology of human tissues affected by autoimmune diseases, with the first research phase focusing on

protocol optimization and establishment of reference tissue scRNA-seq maps.24,25 We have recently published an optimized dissociation

protocol and scRNA-seq map of fresh, and cultured human skin.24 In the current paper, we presented an optimized protocol for efficient

dissociation of prospectively collected fresh synovial biopsies from patients with inflammatory arthritis for single cell omics studies. Further-

more, we created a single-cell reference dataset with annotation of synovial cells from fresh human synovium in inflammatory arthritis, serving

as a research resource for the scientific community. Our reference map of the human synovium contains cell subsets/states not previously

described in published synovial scRNA-seq atlases, for example IFITIM2+ synovial neutrophils and SAA1+SDC4+ synovial fibroblasts, while

significantly expanding the knowledge about synovial endothelial cell (EC) diversity.

RESULTS

Optimized dissociation protocol for fresh synovium minimized the sample dropout rate

We utilized the protocol by Donlin et al.22 (protocol 1) as a starting reference method for dissociating fresh synovial biopsies in our study. To

our knowledge, Donlin’s protocol was the only published synovial tissue dissociation protocol validated across different single-cell omics

studies, but primarily optimized for cryopreserved synovia.22 Due to low cell yield and/or viability, we lost eight (median 1896 viable cells,

range 0–9625) of 26 prospectively collected tissue samples dissociated with protocol 1, resulting in a 31% drop-out rate of prospectively

collected patient samples. This data inferred that further optimization of the original protocol 1 might be needed for efficient dissociation

of small fresh prospectively collected synovial biopsies. We modified the original protocol 1 to enhance the release of cells from synovial tis-

sue and minimize cell loss by refining the washing steps and volumes of reaction mixes (see STAR Methods for details). The presence of sy-

novial tissue was confirmed in all biopsy samples; representative H&E and immunohistology staining of synovial tissue is shown in Figures S1A

and S1B. Krenn synovitis scores,26 as a globalmeasure of synovitis, did not significantly differ between the samples dissociated with protocol 1

and our modified protocol 2 (p = 0.32, Table 1). We isolated a higher number of cells (p = 0.037, Figure 1A) from samples dissociated with

protocol 2. Both, the synovial tissue heterogeneity of consecutively recruited patients and the refinements in protocol 2 could contribute to

this difference. Notably, synovial cell suspensions from protocol 2 samples demonstrated consistently high cell viability irrespective of iso-

lated synovial cell yields (Figure 1B). In contrast to protocol 1, no samples were lost from protocol 2 dissociations (p = 0.039, Chi-square

test with Yates’ correction). These results suggested that by slight modifications to the original protocol 1, we could decrease cell loss during

sample processing and thus minimize the dropout rate of prospectively collected fresh synovial biopsies for scRNA-seq analyses. The age of

patients did not appear to affect the number of isolated cells from synovial biopsies (Figure S1C).

Given the minute quantities of biopsied material, we could not process paired tissue fragments from the same donor by both protocols,

however, protocol-to-protocol comparison was not the objective of our study. Rather, we aimed to map fresh human synovium in inflamma-

tory arthritis at single-cell resolution and protocol 2 refinements facilitated our study goals.

The optimized protocol 2 enabled detailed scRNA-seq mapping of the human synovium

We created scRNA-seq data from unsorted synovial cells from 25 highly viable single-cell suspensions. These cell suspensions hadmedian cell

viability 90% and 24/25 samples exhibited cell viabilityR70%, the threshold belowwhich viable cell sorting is highly recommended for scRNA-

seq studies.27

To understand whether our modifications to the original protocol 1 led to differences in the synovial scRNA-seq data quality or cell type

enrichment, we integrated scRNA-seq data generated by protocols 1 and 2. The integrative protocol analysis included 18 of 25 synovial tissue

samples, thereby avoiding the diagnosis bias between the two protocols (see STARMethods for details). Patient demographic data, histology

characteristics of the 18 synovial samples and utilized 10x Genomics chemistries are shown in Table 1. The generated scRNA-seq data passed

standard scRNA-seq QC filters (Figure S2). Specifically, we filtered out cells with a low total number of counts, a low total number of detected

genes and a high percentage of mitochondrial counts (Figure S2A). The median cell numbers retained per sample and the number of de-

tected genes per sample were 4467.5 and 14921, respectively (Figure S2B). The distribution of the total number of counts per cell (Figure S2C)

and the total number of detected genes per cell (Figure S2D) was similar between samples dissociated using protocols 1 and 2.

We generated 76902 high-quality scRNA-seq profiles from 18 synovial tissue samples that formed 11 principal synovial cell populations

comprising CD45+ lymphoid, CD45+ myeloid and CD45�structural synovial cell subsets (Figure 2A). The main synovial cell populations

were heterogeneously distributed across patients’ synovia (Figure 2B); their abundances, however, did not differ significantly as calculated
2 iScience 27, 109707, June 21, 2024



Table 1. Histology characteristics and 10x Genomics chemistries for 18 synovial tissue samples from patients with inflammatory arthritis, included in

the integrative analysis of scRNA-seq data between the original22 (protocol 1) and optimized (protocol 2) protocols

Protocol 1 (n = 6) Protocol 2 (n = 12) p value

Sex*

Female 6 7 0.24***

Male 0 4

Age*

Median (range) 71.5 (39–81) 56 (20–72) 0.14****

Krenn synovitis score**

Median (range) 5 (2–9) 4 (2–6) 0.32****

Pathotype

Diffuse myeloid 2 3 NA

Lympho-myeloid 2 6

Fibroid 1 3

Unclassified 1 0

10x Genomics Chemistry

30 v3.0 5 0 0.0007****

30 v3.1 1 12

See also Figure S1. Numbers denote the biopsies processed. F: female, M: male, Pathotypes: DM: diffuse myeloid, LM: lymphoid myeloid, F: fibroid, pauci-im-

mune, U: unclassified; *gender data not reported for 1 patient in protocol 2 cohort, **Krenn scoring in the protocol 2 patient cohort based on 10 out of 12 synovial

tissues. Statistics: Graph Pad Prism software, ***two-sided Fisher’s exact test, ****two-sided Mann-Whitney t-test, p < 0.05 accepted as a statistically significant

difference.
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by EdgeR (see STAR Methods) between protocols 1 and 2 (Figure 2C). The heatmap with top gene markers, specific for the 11 principal sy-

novial cell populations, is shown in Figure 3. Specifically, we identified synovial CD3E + T cells, CD79A + CD79B+ B cells, CD79A + XBP1+ B

cells/plasmablasts (Figure S3A), CD14+ macrophages, LILRA4+ GZMB+ ITM2C+ plasmacytoid dendritic cells (DCs) (Figure S3B), CD1C+

FCER1A +DCs, CLEC9A +DCs, CPA3+mast cells, IFITM2high neutrophils (Figure S3C), VWF+ endothelial cells (ECs), ACTA2+ TAGLN+peri-

cytes/mural cells and COL1A1+ synovial fibroblasts (Figure S3D). CD1C+ FCER1A+ and CLEC9A + DCs co-clustered with synovial macro-

phages (Figures S3B and S3C). Synovial T/NK cell, macrophage, EC, and synovial fibroblast clusters represented 4–48%, 6–59%, 3–21%

and 7–82% of all synovial cells across the patient samples, respectively, constituting the most abundant synovial cell populations (Figure 2).

Looking closer at the T/NK cell cluster, we identified CD4+ T cells, CD3+ CD8A+/� NKG7+ T cells, CD3neg CD8Aneg NKG7+ NK cells and

CD3neg CD8AnegNKG7neg cells (Figure S4A).Macrophage population consisted of tissue-resident synovialmacrophages (expressingMERTK,

TREM2, CD206/MRC1 genes, Figure S4B) and infiltrating synovial macrophages (expressing IL1B, CD48 genes, Figure S4B), while structural

cells included VWFlowLYVE1highCCL21high lymphatic ECs, VWFhigh vascular ECs (Figure S4C), PRG4highTHY1low lining synovial fibroblasts, and

THY1+ PRG4low sublining synovial fibroblasts expressing GGT5, CXCL12 or DKK3 genes (Figure S4D).

Neutrophils were detected in 17% (1/6) of protocol 1 scRNA-seq samples and 50% (6/12) of protocol 2 samples (Table S1; Figure S1B).

Among sequenced samples, sample SB-081, SB-083 and especially sample SB-098B demonstrated a higher proportion of neutrophils within

a total population of synovial cells (Figure 2B; Table S1). Top neutrophil genes, including canonical and maturation neutrophil markers

(NAMPT, SOD2, CSF3R, FCGR3B, G02, S100A8, S100A9), are shown in Figure S5. Upon histological analysis of the tissue, we demonstrated

the presence of neutrophils in 66% of protocol 1 samples and 91% of protocol 2 samples (Table S1; Figure S1). In general, neutrophils were

rather scarce and commonly focally distributed within or between biopsy fragments (Table S1). Histology and scRNA-seq analysesmatched in

50% when detecting synovial neutrophil presence/absence (Table S1).

In summary, we couldmap all major andminor synovial cell populations with both protocols using scRNA-seq and flow cytometry analyses.

Our results inferred that our optimized protocol 2 kept the comprehensiveness of the original protocol 1 in detecting synovial cell diversity,

while minimizing the dropout rate of valuable patient samples.

Flow cytometry detected diverse synovial cell populations in protocol 2 cell suspensions

Next, we assessed whether synovial cells, dissociated with protocol 2, can also be analyzed with flow cytometry. These proof-of-principle ex-

periments included analysis of total unsorted synovial cells using two different flow cytometry technologies. We collected synovial biopsies

from two patients with arthritis (Table S2) at the Rheumatology Department, Hospital de Santa Maria, Lisbon Academic Medical Center, Lis-

bon, Portugal. Synovial cells from a patient with septic arthritis were analyzed immediately after dissociation using multicolor flow cytometry

(Figure S6, n = 1). In contrast, cells from a patient with early RA were fixed and shipped to BioMed X Institute, Heidelberg, for spectral flow

cytometry analysis (Figure S7, n = 1). Flow cytometry analyses confirmed successful isolation of synovial CD45�structural cells, as well as

CD45+ myeloid and lymphoid cell populations, including PDPN+ synovial fibroblasts, CD31+ ECs (Figure S7), CD11B+ CD64+ or CD14+
iScience 27, 109707, June 21, 2024 3



Figure 1. Number and viability of isolated synovial cells varied across synovial cell isolation protocols

Protocol 1 – the original protocol of Donlin et al.22 Protocol 2 – the optimized protocol derived from Donlin et al. Cells in protocol 1 samples were counted either

manually (Protocol 1_M: manual cell counting using the Neubauer chamber) or using Luna-FL dual fluorescence cell counter (Protocol 1_A: automated cell

counting. Cells in protocol 2 samples were counted using Luna-FL dual fluorescence cell counter. Data are represented as on a dot plot with median. The

red dotted line represents the 70% cell viability treshold, below which the 10x Genomics recommends viable cell sorting before proceeding with single cell

encapsulation on 10xGenomics chips. Statistics: comparison of Luna counter outputs of cell yield and viability between the protocols, two-sided Mann-

Whitney test, *p = 0.037.
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macrophages, CD19+ B cells, CD3+ T lymphocytes and their CD4+ and CD8+ subsets (Figures S6 and S7). Multicolor flow cytometry demon-

strated good synovial cell viability (80%) (Figure S6).

Generation of a single-cell reference map of fresh human synovium in inflammatory arthritis

In the next step, we integrated the scRNA-seq data from 25 synovial tissue samples of patients with inflammatory arthritis (see STARMethods

for details), generated either with protocol 1 or 2, to build a single-cell reference map of freshly dissociated human synovium in inflammatory

arthritis. Table 2 shows patient demographic and therapy data, histology characteristics and 10x Genomics chemistries for 25 synovial

samples included in the human synovium reference map analysis. The QC analysis of the scRNA-seq data from the 25 samples is shown in

Figure S8. After filtering out the cells with a low total number of counts, a low total number of detected genes and a high percentage of mito-

chondrial counts (Figure S8A), we kept 102758 single-cell profiles (Figure S8B). The distribution of the total number of counts per cell and the

total number of detected genes per cell across the 25 synovial tissue samples is shown in Figures S8C and S8D.

A single-cell map of fresh synovium comprised eleven principal synovial cell clusters (Figure S9A), which replicated the lymphoid, myeloid,

and stromal cell types identified in the integrative protocol analysis (Figure 2A). The variable distribution of these principal cell types across

patient synovia is presented in Figures S9B and S9C. The top 10marker genes defining these principal lymphoid,myeloid and stromal synovial

cell populations are shown in Figure S10. T lymphocytes, macrophages, synovial fibroblasts and ECs represented the most abundant cell

types (Figure S9). We further sub clustered these cell populations to understand their subset diversity and distribution in the synovium

from patients with inflammatory arthritis.

Subcluster analysis uncovered the diversity of T cells in freshly dissociated human synovium

We profiled 23169 cells comprising six CD3+ T cell clusters (1, 4–8), one cluster of CD3neg NK cells (cluster 3), one cluster of proliferating

TOP2A+CENPF+T cells andNK cells (cluster 2, Figure S11A) and a small cluster of CD3negNKG7neg KLRB1+ IL7R + cells, suggestive of innate

lymphoid cells (cluster 9) (Figure 4A). The percent distribution of T cell, NK cell and innate lymphoid cell clusters varied considerably across

patient’s synovia (Figures 4B and 4C). The selected key marker and cluster-enriched genes of T cells, NK cells and innate lymphoid cells are

presented in Figures 4D and S11B. Specifically, the CD4+ TIGITlow/neg T cell clusters (1, 5) differed in the expression of CCR7, LEF1, and SELL

transcripts (Figures 4D and S11C). Meanwhile, CD4+ TIGIT+ CTLA4+ cluster 4 contained FOXP3+ and CXCL13+ PDCD1+ cells (Figures 4D

and S11C), which could represent regulatory and peripheral/follicular CD4+ helper T cell phenotypes,16 respectively. The CD8+ CCL5+ T lym-

phocytes comprised NKG7med GZMK+ cells (cluster 6), cytotoxic NKG7high GNLYhigh GZMKneg (cluster 8) and NKG7high GNLYneg GZMKhigh

(cluster 7) cells (Figures 4A–4C and S11D). CD8+ T cell subsets varied in the expression ofGZMB andGZMH transcripts (Figures 4D and S11D).

The NKG7high GNLYhigh NK cells (cluster 3) were GZMBhigh and expressed abundantly Killer Cell Lectin like Receptor (KLRC1, KLRD1, and

KLRF1) transcripts (Figure 4D).

Subcluster analysis unveiled the synovial fibroblast heterogeneity in freshly dissociated human synovium

Through our analysis, we identified seven COL1A1+ synovial fibroblast clusters (Figure 5A) and further classified these cells based on their

expression of the lining (PRG4) and sublining (THY1) fibroblast markers16,21,23 (Figures 5A and S12A). Overall, the abundance of synovial
4 iScience 27, 109707, June 21, 2024
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Figure 2. Integrative protocol analysis of scRNA-seq data identified synovial structural, myeloid and lymphoid cell populations

(A) UMAPs of the integrated protocol 1 and protocol 2 scRNA-seq dataset with main synovial cell populations colored bymain cell type. ScRNA-seq data generated

from fresh human synovia dissociated either with the original protocol of Donlin et al.22 (protocol 1, n = 6) or the optimized protocol (protocol 2, n = 12).

(B) Bar plots of relative abundances of main cell types per sample per protocol. Neutrophils visible primarily in protocol 2 samples, including SynBio_081,

SynBio_083 and Syn_Bio_098b.

(C) The proportion of cell types per protocol 1 versus protocol 2; neutrophils were detected primarily in protocol 2 scRNA-seq data, but the difference between

the protocols was not statistically significant as calculated by differential abundance analysis in EdgeR. The box plot visualises 5 summary statistics: the median;

two hinges, corresponding to the first and the third quartiles; two whiskers. The upper (lower) whisker extends from the hinge to the largest (smallest) value no

further than 1.5 * interquartile range from the hinge. Individual dots represent data from different samples.

See also Figure S2 and Table S1.
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Figure 3. Top marker genes identified main synovial cell types in the integrative protocol scRNA-seq analysis

ScRNA-seq data generated from fresh human synovia dissociated either with the original protocol of Donlin et al.22 (protocol 1, n = 6) or the optimized protocol

(protocol 2, n = 12). Shown is the heatmap with the top 10 cell type marker genes. Expressions are aggregated by sample and cell type. See also Figures S3–S7.
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fibroblast clusters varied significantly across patient synovia (Figures 5B and 5C). The seven synovial fibroblast clusters represented lining

PRG4high THY1low (cluster 3) synovial fibroblasts, transitional PRG4med THY1med/high synovial fibroblasts (clusters 4, 5, 7) and PRG4low

THY1high sublining synovial fibroblasts (clusters 1, 2, 6) (Figures 5A and S12A). The proliferating TOP2A+ CENPF+ synovial fibroblasts co-clus-

tered with cluster 4 fibroblasts and contained both PRG4high and THY1+ cells (Figure S12B). The PRG4high lining synovial fibroblasts were re-

ported as enriched in osteoarthritis synovia16 and associatedwithmatrix-degrading activities,20,21 while HLA-DRA+ sublining cells were found

abundant in leukocyte-rich RA.16

To further understand the synovial fibroblast transcriptional diversity, we analyzed the expression of known fibroblast subset marker genes

alongside top enriched genes between the seven fibroblast clusters (Figure S13). The lining fibroblasts (cluster 3) expressed CD55, ITGB8,

MMP3, MMP1, and TWISTNB28 transcripts (Figure S13). These cells were GAS6neg/low (Figure S13) as previously reported.16,18 A subset of

lining fibroblasts was enriched for CLIC5 and HBEGF expression (Figure S14A). Cluster 4 represented SERPINE1+ COL5A3high fibroblasts,

characterized by an extracellular matrix remodeling gene signature (LOXL2, TGFBI, and TGFB1) (Figures 5D and S13). The HLA-DRAhigh cells

(cluster 7) expressed transcripts linked to MHC class II antigen presentation (HLA-DRA, HLA-DRB1, HLA-DPB1, and CD74, Figure S14B).16

HLA-DR and CD74 transcripts were expressed also in lining synovial fibroblasts. Cluster 7 contained a small population of HLA-DRAneg/low

SOD2high fibroblasts expressing syndecan 4 (SDC4) and proinflammatory genes SAA1 and SAA2 genes (Figure 5E). SDC4 was reported to

be prominently expressed in synovial lining cells in RA synovia.29 Cluster 5 included TNXBhigh IGFBP6+ FGFBP2+ cells, expressing CD34

and DPP4 transcripts (Figure S13). Among the sublining fibroblast clusters, GGT5high CXCL12high FGF7+ fibroblasts (cluster 6) contained

NOTCH3-expressing cells, IL6-expressing cells (Figures S13 and S14C) and a small population of C3high CXCL14high fibroblasts (Figures 5F

and S13). NOTCH3 andGGT5 expression was associated with periarterial localization of synovial fibroblasts.23 A subset of synovial fibroblasts

in cluster 1 was enriched in MMP13 (Figures 5A–5G and S13); their transcriptome, however overlapped with cluster 6 cells. Finally, cluster 2

cells represented CADM1high ACAN+ DKK3+ sublining fibroblasts (Figures 5A and S13). Deconvolution analysis of synovial RNA-seq data

demonstrated enrichment of DKK3+ synovial fibroblasts in patients with drug-refractory RA.30
6 iScience 27, 109707, June 21, 2024



Table 2. Histology characteristics and 10x Genomics chemistries for 25 synovial tissue samples from patients with inflammatory arthritis, included in

the generation of the single-cell reference map of the fresh human synovium

Number of biopsies

Protocol

1: Original, Donlin L. et al.22 10

2: Optimized, Edalat SG. et al. 15

Sex*

Female 18

Male 5

Age

Median (range) 55.5 (20–81)

Therapy at biopsy**

No therapy 3

Corticosteroid 1

Corticosteroid + cDMARD 1

cDMARDs 2

bDMARDs 3

cDMARD + bDMARD 2

cDMARD + JAKi 3

Corticosteroid + cDMARD + JAKi 1

Antibiotics 2

Refractory arthritis*** 6

Krenn synovitis score****

Median (range) 4 (2–9)

Pathotype

Diffuse myeloid 10

Lympho-myeloid 9

Fibroid 5

Unclassified 1

10x Genomics Chemistry

30 v3.0 5

30 v3.1 20

See also Figure S1. Numbers denote the biopsies processed. F: female, M: male, DM: diffuse myeloid, LM: lymphoid myeloid, F: fibroid, pauci-immune, U: un-

classified. *Gender data not reported for 2 patients in protocol 2 cohort, **The values indicate the number of patients receiving different disease-modifying anti-

rheumatic drugs (DMARDs) at the time of biopsy with data missing for 5 patients. Conventional DMARDs (cDMARDs) included methotrexate, leflunomide, sal-

azopyrin, sulfasalazine and plaquenil. Biological DMARDs (bDMARDs) included anti-TNF, anti-IL-6, anti-IL-17A, anti -IL-12/IL-23 and anti-IL-23 therapies, and

therapeutic fusion proteins (soluble TNFa receptor, CTLA4). Janus kinase inhibitors (JAKi) included baricitinib and tofacitinib. Antibiotics included vibramycin

and doxycycline. ***Indicated is the number of patients failing multiple cDMARDs and bDMARD/JAKi in the period before biopsy data about treatment history

are missing for 6 patients. ****Krenn scoring, based on 21 out of 25 synovial tissues.
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Subcluster analysis identified synovial macrophage subset heterogeneity

The synovial macrophage and DC cluster contained 35659 CD45+ single cells distributed into CD14low/neg CD64low/neg CD11blow/neg DC and

CD14+ CD64+ CD11b+ macrophage clusters (Figures 6A and S15). The heatmap in Figure S15 shows key marker and cluster-enriched genes

expressed in macrophage and DC clusters.

DC clusters included CD1C+ FCER1A + CLEC10A + DCs (cluster 11), CD83+ LAMP3+ IDO1+ DCs (cluster 12) and CLEC9A + CADM1+

CLNK+ DCs (cluster 7) (Figures 6A and S15). We annotated the nine CD14+ CD64+ CD11b+ macrophage clusters based on their expression

of CCR2, FOLR2 and complement chain 1q (C1QA, C1QB, C1QC) genes (Figures 6A and S15). The expression of CCR2 and FOLR2 was linked

to tissue-infiltrating and tissue-resident macrophage subsets, respectively.31 Synovial macrophages grouped into C1QA/B/C+ FOLR2+

CCR2neg (clusters 1, 4–6, 9), C1QA/B/Cneg FOLR2neg CCR2+ (clusters 2, 3, 10) and C1QA-C+ FOLR2low CCR2+ (cluster 8) clusters (Figure S15).

Macrophages in cluster 8 were TREM2+ MRC1+ MERTKlow CD48low and expressed CLEC10A gene (Figure S15).
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Figure 4. Subcluster analysis demonstrated heterogeneity of synovial T cell, natural killer (NK) cell and innate lymphoid cell (ILC) populations in the

integrated synovial single-cell map datasets from 25 fresh-dissociated synovial biopsies of patients with inflammatory arthritis

(A) UMAP with annotated T cell, NK cell and ILC clusters colored by cell cluster, (B) a bar plot of T, NK and ILC cell cluster abundances across synovial biopsies of

patients with inflammatory arthritis colored by cell cluster (right).
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Figure 4. Continued

(C) The proportions of the nine cell clusters, (D) the heatmap of the top T cell, NK cell and ILC marker genes. (C) The box plot visualises 5 different summary

statistics: themedian, two hinges, corresponding to the first and the third quartiles, two whiskers. The upper (lower) whisker extends from the hinge to the largest

(smallest) value no further than 1.5* interquartile range from the hinge. Individual dots represent data from different samples.

See also Figures S8–S11.
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The C1QA/B/Cneg CCR2+ macrophages comprised TREM2+ CD48low SPP1+ (cluster 2), TREM2neg CD48high S100A12+ PLAC8+ SELL+

CD52high (cluster 3) and TREM2neg CD48+ CLEC10A+ (cluster 10) subsets (Figures 6A and S15). These cells were MERTKneg MRC1low/neg

and CD163low. SPP1+ macrophages were reported as enriched in RA synovitis18 and bronchoalveolar lavage from patients with severe

COVID.32 Furthermore, SPP1-expressing hepatic lipid-associated macrophages were shown to derive from bone marrow, replacing Kupffer

cells (KCs) in metabolic-associated fatty liver disease.33 Genes linked to proinflammatory (CD114, IL1B, S100A8, S100A9, and FCAR) and host

defense (FCN1, PPIF, and CD93) functions were highly expressed in cluster 3 macrophages (Figure S15).

The C1QA/B/C+ FOLR2+ CCR2-synovial macrophages segregated into FOLR2high MERTK+ CD163high SELENOPhigh (clusters 5, 6, 9),

proliferating FOLR2low MERTKlow TOP2A+ CENPF+ (cluster 4) and cluster 1 subsets, containing FOLR2low MERTKlow SPP1+ and FOLR2+

MERTK+TIMD4+macrophagepopulations (Figures 6A and S15). Macrophages in clusters 1, 4–6 and 9were TREM2+; TREM2 has been linked

to regenerative wound healing34 and pro-tumorigenic macrophage functions.35 They expressed the genes encoding CMKLR1, the receptor

for resolvin E,36 and SLCO2B1 transporter, associatedwithmacrophage identity.37 In addition to being enriched for complement component-

encoding transcripts (C1QA, C1QB, C1QC), these cells expressed genes encoding scavenger receptors (CD206, STAB1,38 and CD163),

molecules involved in efferocytosis (MERTK, LGMN39) and cholesterol/lipid trafficking (APOE) (Figure S15), pointing to their tissue clearing

functions. Looking closer at FOLR2high MERTK+ CD163high SELENOPhigh macrophages (clusters 5, 6, 9), we identified COLEC12high

TIMD4+ macrophages (cluster 5), CD48med macrophages (cluster 6) and COLEC12high LYVE1+ macrophages (cluster 9) (Figures 6A and

S15). The expression of TIMD4 and LYVE1 genes was associated with macrophage tissue residency40 and the perivascular location,41 respec-

tively. A scavenger receptor collecting family member 12 (COLEC12)42 was shown to be involved in the clearance of microbes, oxLDL43 and

myelin44 and acted as a high-affinity ligand for the collagen domain binding receptor LAIR1.45 Studies in mice showed that LAIR1 controls

homeostatic and anti-tumor functions of monocytes and interstitial macrophages in the lungs via stromal sensing.45 COLEC12+ tissue-resi-

dent macrophages in clusters 5 and 9 were specifically enriched for CCL13, CCL18, and NUPR1 (Figure S15), the regulators of lymphoid/

myeloid cell trafficking46,47 and ferroptosis,48 respectively. Finally, LYVE1+ macrophages (cluster 9) expressed CD209 while being enriched

in transcripts associated with coagulation (F13A149), tissue adaptation to stress (IGF150), suppression of inflammatory genes (EGR151) and

iron recycling (SLC40A152,53) (Figure S15).

Like other synovial cell types, the abundances of DC and macrophage subsets varied significantly across patient synovia (Figures 6B and

6C). Synovial tissues from our cohort contained on average more resident than inflammatory macrophages, while CD1C+ CLEC10A + DCs

represented the most abundant subset of the synovial DC population (Figure 6C).

Subcluster analysis uncovered endothelial cell diversity in freshly dissociated human synovium in inflammatory arthritis

Our synovial scRNA-seq dataset contained 9395 PECAM+ synovial EC profiles forming eight EC clusters (Figure 7A). We identified pan-endo-

thelial and subtype-specific ECmarkers54 and genes for the core EC functions (Figure S16). The eight EC clusters included LAPTM5+ PROX1+

LYVE1+ CCL21+ lymphatic ECs (cluster 4), proliferating TOP2A+ CENPF+ MKI67+ ECs (cluster 7), ACKR1+ venous ECs (clusters 1, 3, 5, 8),

SPP1+ KDR+ capillary ECs (cluster 6) andGJA4+CLDN5+ arterial ECs (cluster 2) (Figures 7A and S16). The EC clustering UMAPdemonstrated

the principal separation of synovial ECs into vascular and lymphatic clusters (dimension 1), while dimension 2 showed the core structure of

tissue vasculature, starting with arterial, transiting into capillary and ending in venous vessel networks, as also confirmed with trajectory anal-

ysis (Figures 7A and S16A–S16C). Venous ACKR1+ ECs represented the largest synovial EC population (Figure 7A). Among them, we

identified ACKR1med VWFmed KDRlow SPARChigh CLUneg ECs (cluster 3) sharing capillary and venous gene expression signatures (Figure S17),

suggesting a transitional phenotype. The ACKR1high VWFhigh KDRneg CLU+ ECs (clusters 1, 5, 8) expressed IL1R1 transcripts (IL-1B response)

and were enriched forHLA-DR andHLA-DP transcripts (antigen presentation). Clusters 5 and 8 were additionally IL6+ SOD2+ SOCS3high and

expressed IRF1 (interferon response). ICAM1 (leukocyte trans-endothelial migration) and SELE (neutrophil adhesion) were enriched in clusters

5 and 3 cells, whileCCL2 and TNFAIP3 genes were highest expressed in cluster 5 venous ECs (Figure S17). SPP1+ KDR+ capillary ECs (cluster

6) were strongly enriched for transcripts encoding basement membrane-associated collagens (COL4A1, COL4A2, COL15A1)55 and plasma-

lemma vesicle associated protein (PLVAP) (Figure S17), a regulator of microvascular permeability and diaphragm formation within endothelial

fenestrae.56 Finally, arterial ECs (cluster 2) were characterized by the expression of tight (CLDN5) and gap (GJA4) junction57,58 genes as well as

genes involved in endothelial barrier regulation (RHOB),59 lymphatic vascular patterning (SEMA3G),60 regulation of TGFB activity (LTBP4),

lymphocyte trafficking (ICAM2) and chemotaxis (CXCL12) (Figure S17). The trajectory analysis independently confirmed top arterial

(PODXL, Figure S16A), capillary (SPARC, COL4A1, COL4A2, COL15A1, and PLVAP, Figure S16B) and venous (VWF, ACKR1, and CLU, Fig-

ure S16C) EC gene markers and affirmed that synovial venous ECs are main expressors of cell adhesion- (SELE, SELP, ICAM1, Figure S16D)

and antigen presentation-linked transcripts (HLA-DR, HLA-DP, CD74, Figure S16E) among synovial ECs. Additionally, several signaling

pathway related-genes were identified. JUN, JUNB, FOS, and FOSB (Figure S16F) - the genes encoding the AP-1 transcription factor

components - were primarily expressed in arterial and venous ECs, FLT1 mRNA was highest in capillary ECs, while NFKIB, IRF1, and

SOCS3 transcripts were enriched in venous ECs. The eight EC clusters were detectable in all patient samples, however their abundances var-

ied significantly across patient synovia (Figures 7B and 7C). The ACKR1high IL1R1+ CLU+ SELEhigh TNFAIP3+ venous ECs represented on
iScience 27, 109707, June 21, 2024 9



Figure 5. Subcluster analysis demonstrated heterogeneity of synovial fibroblast population within the integrated synovial single-cell map dataset of

inflammatory arthritis from 25 fresh-dissociated synovial biopsies of patients with inflammatory arthritis

(A) UMAP with annotated synovial fibroblast clusters colored by cell clusters.

(B) A bar plot of synovial fibroblast cluster abundances across synovial biopsy samples of patients with inflammatory arthritis colored by cell cluster.
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Figure 5. Continued

(C) The proportions of the seven synovial fibroblast clusters across 25 synovial samples frompatients with inflammatory arthritis. The box plot visualises 5 summary

statistics: themedian; two hinges, corresponding to the first and the third quartiles; two whiskers. The upper (lower) whisker extends from the hinge to the largest

(smallest) value no further then 1.5* interquartile range from the hinge. Individual dots represent data from different samples.

(D) Violin plots showing the top enriched matrix-remodeling genes (LOXL2, TGFBI, TGFB1), expressed by the SERPINE1+ COL5A3+ synovial fibroblasts

(cluster 4).

(E) Violin plots showing the top enriched genes, expressed by the SOD2high synovial fibroblast subpopulation within cluster 7, including SDC4 and

proinflammatory genes (SAA1, SAA2, CCL20).

(F) UMAPs demonstrating C3 and CXCL14mRNA expression in synovial fibroblasts, identifying a small population of C3high CXCL14high cells within the sublining

GGT5high CXCL12high synovial fibroblast subset (cluster 6).

(G) A violin plot demonstrating MMP13 mRNA expression in synovial fibroblasts in cluster 1.

See also Figures S8–S10 and S12–S14.
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average the most abundant endothelial cell cluster, whereas LYVE1+ PROX1+ CCL21+ lymphatic and TOP2A+ CENPF+ proliferating ECs

were scarcely represented in synovial biopsies from our patient cohort (Figure 7C).

Merging main cluster and subcluster annotations derived a reference single-cell map of human synovium in inflammatory

arthritis

In the next step, wemerged the cell annotations from themain cell types (Figure S9A) and their subclusters (Figures 4, 5, 6, and 7) identified in

the integrated scRNA-seq dataset from 25 freshly dissociated synovia of patients with inflammatory arthritis. These annotations represented a

detailed scRNA-seq reference map of the fresh-dissociated human synovial cells in inflammatory arthritis (Figure 8).

In house synovial scRNA-seq cell dataset served as a reference annotation resource to map synovial cell types in published

synovial scRNA-seq datasets

As the final step in our analysis, we integrated our synovial scRNA-seq dataset (Figure 8) with publicly available synovial scRNA-seq data. We

utilized our synovial cell map as a reference (Figure 8) to annotate cell types across the integrated dataset. We selected a dataset from Ste-

phenson et al.17 generated from unsorted fresh dissociated synovial cells, alongside a dataset from Wei K et al.23 containing a large set of

scRNA-seq synovial EC profiles, which were excluded from most other synovial scRNA-seq datasets. Using our synovial reference cell

map, we successfully annotated the major synovial cell types and their subsets in the integrated (our, Stephenson,17 and Wei23) datasets

(Figures 9A, 9B, and S18A). Stephenson’s dataset included all synovial cell types, including a minor synovial neutrophil population

(Figures 9B, S18B, and S18C). Wei’s dataset comprised primarily synovial fibroblast, mural cells/pericytes and EC subsets (Figures 9B,

S18B, and S18C), which were selectively sorted out from synovial tissue before scRNA-seq analysis. The abundance of main cell clusters varied

significantly across patients in all datasets (Figures S18B and S18C).

DISCUSSION

Integrative single-cell omics is quickly expanding our understanding of unique and shared cell types across human tissues in health and

disease.61 Fresh tissue dissociation facilitates less biased cell interrogation, while providing valuable insights into the biology and hetero-

geneity of cryopreservation-sensitive cell types like neutrophils. Single-cell transcriptomic analyses require the isolation of highly viable

cells either from fresh or cryopreserved human tissues, the latter often necessitating viable cell sorting. Fluorescence-activated sorting

of live cells before scRNA-seq is highly recommended for cells with compromised viability. Additionally, viability dyes are commonly

included in cell sorting protocols that enrich specific cell populations, e.g., macrophages,18 or when cells are isolated from viably cryopre-

served tissues.62

In this study, we aimed to build a single cell atlas of fresh unsorted human synovium in inflammatory arthritis. scRNA-seq analysis of un-

sorted cells relies strongly on the stable isolation of highly viable cells.We utilized themethod of Donlin et al.22, optimized for the dissociation

of cryopreserved synovia, as a starting reference protocol 1, and refined it for the dissociation of small fresh human synovial biopsies. We

enhanced the release of synovial cells by gentle tissue massaging and minimized cell loss by optimizing the washing steps and volumes

of reaction mixes. These protocol 2 refinements were associated with consistent isolation of good yield of viable synovial cells, thereby over-

coming significant sample loss, associatedwith the original protocol 1. In our study, we did not sort cell suspensions for live cells using viability

dyes. Sorting live cells can rescue cell suspensions with good cell quantity but impaired cell viability, however none of the excluded protocol 1

suspensions fulfilled these criteria. In contrast, the protocol 2 cell suspensions were highly viable, while varying substantially in cell yield.

Considering that fluorescence-activated cell sorting leads to a certain degree of cell loss, sorting would have a limited or no advantage

for scRNA studies of highly viable single cell suspensions from protocol 2.

Overall, we established a reliable dissociationmethod for fresh, prospectively collected synovial biopsies that can facilitate scRNA-seq and

multiparameter spectral flow cytometry studies on highly viable unsorted synovial cells. This method complements the original protocol 1 by

Donlin et al.,22 which is optimized for multicentric omics studies on cryopreserved synovia.

Neutrophils have been broadly implicated in the pathogenesis of inflammatory arthritis, particularly RA.63 Neutrophils primarily localize to

inflamed synovial fluid, but are present also in synovial tissue, albeit at low frequency when compared to other cell types. In RA, neutrophils

colocalized with fibrin deposits along the synovial lining; and fibrin and neutrophils were significantly associated with prolonged RA morning
iScience 27, 109707, June 21, 2024 11
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Figure 6. Subcluster analysis demonstrated heterogeneity of synovial macrophage and dendritic cell (DC) populations in the integrated synovial single-

cell map dataset from 25 fresh-dissociated synovial biopsies of patients with inflammatory arthritis

(A) UMAP of 3 dendritic cell (DC) clusters and nine synovial macrophage clusters colored by cell cluster.

(B) Bar plots of relative abundances of three DC and nine synovial macrophage clusters across 25 patient samples colored by cell cluster.

(C) The proportion of three DC and ninemacrophage clusters across 25 synovial tissue samples from patients with inflammatory arthritis. The box plot visualises 5

summary statistics: the median; two hinges, corresponding to the first and the third quartiles, two whiskers. The upper (lower) whisker extends from the hinge to

the largest (smallest) value no further then 1.5 * interquartile range from the hinge. Individual dots represent data from different samples.

See also Figures S8–S10 and S15.
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stiffness.64 Furthermore, neutrophil extracellular traps (NETs) contributed to cartilagedamage andpromoted the formation of autoantibodies

to carbamylated65 and citrullinated63,66 proteins in RA. Nanoparticles coated with neutrophil membranes neutralized synovial inflammation

and attenuated cartilage damage in experimental inflammatory arthritis.67

The short lifespan and intrinsically small library sizes have challenged detection of neutrophils using scRNA-seq methods, such as the

droplet-based 10x Genomics platform.68,69 In our study, we detected a minor population of IFITM2high synovial neutrophils in scRNA-seq

data from freshly dissociated synovia, characterized by the expression of different maturation and canonical neutrophil marker genes

(NAMPT, SOD2, CSF3R, FCGR3B, GO2, S100A9, and S100A9). A paucity of detected neutrophils in the scRNA-seq dataset was in line

with histology analyses, where neutrophils were scarcely present. We detected neutrophils mainly in samples from protocol 2 donors, as evi-

denced by histology and scRNA-seq analyses. The overlap of both methods in neutrophil detection was 50%, which could be attributed to

neutrophil scarcity and their focal distribution within and across biopsy fragments. Overall, neutrophil detection was primarily donor-depen-

dent and not protocol-specific (Figure S9B). Furthermore, sequencing of a high number of total non-sorted synovial cells and dissociating

synovium fresh could facilitate neutrophil detection in our study irrespective of the protocol used. Our integrative analysis of in-house

scRNA-seq and publicly available human synovial scRNA-seqdatasets17,23 includeddata from20, 000 fresh dissociated unsorted synovial cells

from Stephenson et al.17 We identified a minor neutrophil population also in Stephenson’s data. No neutrophils were detected in Wei’s

data,23 created on sorted CD45� CD235-synovial stromal cells from cryopreserved synovial tissues. Likewise, many other published synovial

scRNA-seq datasets were created on pre-sorted synovial cells, excluding neutrophils.16,18,23

Our study reproduced different previously described synovial leukocyte and structural cell subsets,16–18,23 while expanding transcriptional

heterogeneity of synovial cell states and detecting synovial neutrophils. We identified a small population of SDC4+ synovial fibroblasts and

SERPINE1+ COL5A3+ synovial fibroblasts, and broadened the transcriptional characterization of tissue-resident COLEC12high synovial mac-

rophages. SDC4 has been closely linked to synovial fibroblast attachment/invasion into articular cartilage and cartilage breakdown,29,70 while

COLEC12 and SLC40A1 were associated with macrophage extracellular matrix sensing45 and regulation of iron homeostasis.52,53 We

observed a minor subset of C3high CXCL14high cells within the sublining GGT5high CXCL12high synovial fibroblast cluster. Notably, synovial

fibroblasts were recently shown to drive the local inflammatory tissue priming in preclinical models of arthritis in a C3-dependent manner;

the primed fibroblast appeared to upregulate both C3 and CXCL14 mRNA expression.71 Future phenotypic and functional experiments

should confirm whether gene signatures and annotated cell clusters also translate into specific synovial cell functions.

We characterized in depth the heterogeneity of synovial vascular and lymphatic EC populations. Venous cells, which were the most abun-

dant EC subset in inflamed synovium, demonstrated an enhanced expression of genes encoding cell adhesionmolecules and components of

antigen presentation apparatus. This data suggested that not only synovial fibroblasts,16 but also venous ECsmight serve as antigen-present-

ing cells in the inflamed human synovium. Additionally, different signaling pathways appeared distinctly enriched across synovial EC popu-

lations. JUN and FOSproteins form a dimeric transcription factor AP-1, which is known to be enriched in the enhancers of EC-specific genes.72

In our data, JUN and FOS transcripts were increased in arterial and venous ECs compared to capillary ECs. In turn, capillary ECs appeared

principal expressor of FLT1, and venous ECs of IRF1 andNFKIBgenes. These results deduced a possible role of capillary ECs in synovial angio-

genesis, while reinforcing the probable pro-inflammatory function of synovial venous ECs.

Differential enrichment of distinct cell types across patient synoviamight drive different pathogenic pathways and contribute to the character-

istic interpatient variability in therapeutic responses to currently prescribeddisease-modifying antirheumatic drugs.30Our in-depth analysis of sy-

novial EC diversity in inflammatory arthritis demonstrated the shared contribution of GGT5+ synovial fibroblasts and ACKR1high SELE high

TNFAIP3+ venous EC subsets to the synovial production of IL-6. The variable abundances of IL6-producing cell subsets across patient synovia

mayshapethedifferential therapeutic responsesofarthritispatients toanti-IL6 therapiesorJAK inhibitors. Futurestudies involving larger stratified

patient cohorts will be essential to link synovial cell composition to variation in therapeutic response. Furthermore, such studiesmight contribute

to the cell subtype-based andmolecular pathway-based patient stratification across and within different clinical types of inflammatory arthritis.62

In conclusion, we refined the synovial dissociation protocol for prospectively collected fresh synovial biopsies and generated an extensive

reference single-cell resource of freshly dissociated human synovium in inflammatory arthritis. The refined synovium dissociation protocol

could facilitate future prospective single-cell omics studies on human synovium.Meanwhile, our reference scRNA-seq synovial atlas diversifies

the knowledge about synovial cell composition in inflammatory arthritis, by identifying diverse synovial cell states, characterizing synovial

neutrophil transcriptomes and offering detailed insights into synovial endothelial cell heterogeneity.
Limitations of the study

Data on arthritis progression at biopsywere not available for this study. Consecutively recruited patients formedclinically and therapeutically het-

erogeneous patient groups, precluding a deeper association of clinical features with scRNA-seq synovial cell profiles. Additionally, comparing
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Figure 7. Subcluster analysis demonstrated heterogeneity of synovial endothelial cell (EC) population in the integrated synovial single-cell map dataset

from 25 fresh-dissociated synovial biopsies of patients with inflammatory arthritis

(A) UMAP of eight synovial EC clusters colored by EC cluster.

(B) Bar plots of relative abundances of eight EC clusters across 25 synovial samples colored by EC cluster.

(C) The proportion of the eight EC clusters across 25 synovial tissue samples from patients with inflammatory arthritis. The boxplot visualises five summary

statistics: the median; two hinges, corresponding to the first and third quartiles; two whiskers. The upper (lower) whisker extends from the hinge to the

largest (smallest) value no further than 1.5 * inter-quartile range from the hinge. Individual dost represent data from different samples.

See also Figures S8–S10, S16, and S17.
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Figure 8. Single-cell reference map unveiled synovial cell composition in the fresh-dissociated human synovium in inflammatory arthritis

A UMAP of annotated 12 lymphoid, 14 myeloid and 16 stromal cell synovial cell clusters and subclusters showing extensive cellular heterogeneity of the human

synovium in inflammatory arthritis. Cluster annotations are based on the analysis of the main cell types and the subcluster analysis of synovial T-cells/natural killer

(NK) cells/innate lymphoid cells (ILC), fibroblast, macrophage, dendritic cell (DC) and endothelial cell populations. The integrated scRNA-seq data are derived

from 25 synovial tissue samples from patients with different types of inflammatory arthritis (see STAR Methods for details). See also Figures S8–S10.
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synovial cell subset enrichment across different types of arthritis could not be performed due to a limited number of samples from patients with

ankylosing spondylitis, psoriatic arthritis and undifferentiated arthritis. Inflammatory arthritis associates with sex, and sexmight influence arthritis

pathobiology. Protocol 1 scRNA-seq data were generated from synovia of female patients only, while protocol 2 scRNA-seq cohort included fe-

maleandmale subjects. Toaddresspotential sexeffectsonsynovial cell composition,weconductedadifferential abundanceanalysisonprotocol

2 scRNA-seq samples. This analysis showed no effect of sex on synovial cell type abundance. However, a larger patient cohort is needed to confi-

dently address the influenceof sexon synovial cell typeabundances. Using scRNA-seq,we identified42 transcriptionally distinct synovial cell clus-

ters, which formed 11major synovial cell populations. These cell populations and their core subpopulations were detected also with flow cytom-

etry. To explore functional/activity states of all 46 transcriptomically distinct cell subsets, detailed immunophenotyping analysis (e.g., using

spectral flow cytometry, CyTOF or CITE-seq) and functional studies are required. Given synovial neutrophil scarcity, spatial omics on synovial bi-

opsiesmight valuably complement neutrophil scRNA-seq studies, while big tissue fragments/large patient cohorts would be required to sort suf-

ficient synovial neutrophil quantities for in depth studies of synovial neutrophil diversity andbiology. Additionally, spatial omics could support the

cell-cell communication inference analyses on scRNA-seqdata, the output of which varies considerably depending on themethod and resources

used.We did not conduct cell-cell communication inference analyses of synovial scRNA-seq data in this study; these analyses should accompany

future spatial omics studies on human synovial tissue in inflammatory arthritis.
STAR+METHODS

Detailed methods are provided in the online version of this paper and include the following:

d KEY RESOURCES TABLE

d RESOURCE AVAILABILITY
B Lead contact
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Figure 9. In-house synovial scRNA-seq reference dataset enabled the annotation of publicly available synovial scRNA-seq datasets

Lower dimensional representation (UMAP) of our scRNA-seq dataset (‘‘Protocol 1’’ and ‘‘Protocol 2’’) integrated with two publicly available datasets (Stephenson

W et al.17 and Wei K et al.23). The color represents the cell type as determined by either manual annotation (‘‘Protocol 1’’ and ‘‘Protocol 2’’) or label transfer

(‘‘Stephenson’’ and ‘‘Wei’’) (see STAR Methods). Annotated are 12 lymphoid, 14 myeloid and 16 stromal cell synovial cell clusters and subclusters (see

Figure 8 for details).

(A) Integrated data fromWei K et al.,23 Stephenson W et al.17 and our studies combined in a single graph, (B) UMAPs with scRNA-seq data split by protocol and

study.

See also Figure S18.
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B Data and code availability
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B Study participants

B Study workflow
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B Ultrasound-guided synovial tissue biopsy

B Histological analysis of synovial tissue

B Cell isolation from fresh synovial biopsies

B Step-by-step synovial tissue dissociation protocol 2

B Single-cell RNA-seq library preparation and sequencing

B Multicolour flow cytometry

B Spectral flow cytometry

d QUANTIFICATION AND STATISTICAL ANALYSIS

B Statistical analysis

B Bioinformatics analysis of scRNA-seq data

B Integration of scRNA-seq dataset with publicly available human synovial scRNA-seq data
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Monoclonal mouse anti-human CD31/PECAM-1,

Clone JC/70a

DAKO, Agilent Cat# GA61051-2

Mouse anti-CD20, Clone L26 Ventana Roche Cat# 760-2531

Monoclonal mouse anti-human CD3, Clone LN10 Leica Biosystems Cat# CD3-565-L-CE; RRID: AB_563541

Monoclonal mouse anti-human CD68, Clone PG-M1 DAKO, Agilent Cat# GA61361-2

Monoclonal mouse anti-human CD138, Clone MI15 DAKO, Agilent Cat# GA64261

Monoclonal mouse anti-Human CD15, Clone Carb-3 DAKO, Agilent Cat# GA06261-2

APC anti-human CD45 BioLegend Cat# 982304; RRID: AB_2650648

PE anti-human CD64 BioLegend Cat# 399504; RRID: AB_2861005

BV421� anti-human CD11b BioLegend Cat# 393114; RRID: AB_2750257

Alexa Fluor� 700 anti-human CD3 BioLegend Cat# 317340; RRID: AB_2563408

BV785� anti-human CD19 BioLegend Cat# 363028; RRID: AB_2564257

anti-Podoplanin-BB700 BD Biosciences BD OptiBuild Cat# 749715; RRID: AB_2873969

anti-CD31-BUV395 BD Biosciences BD Horizon Cat# 565290; RRID: AB_2739159

anti-CD45-PE/Fire810 Sony Biotechnology Cat# 1116435

anti-CD14-cFluorB548 Cytek Biosciences Cat# R7-20115

anti-CD3-BV605 BD Biosciences BD OptiBuild Cat# 742623; RRID: AB_2740919

anti-CD8b-PE BioLegend Cat# 387307; RRID: AB_3068193

anti-CD4-PE-Cy7 BioLegend Cat# 317413; RRID: AB_571958

anti-CD19-BB515 BD Biosciences BD Horizon Cat# 564457; RRID: AB_2744309

Biological samples

Human synovial tissue biopsy University Hospital Zürich,

Zurich, Switzerland

N/A

Human synovial tissue biopsy Hospital Santa Maria,

CAML, Lisbon, Portugal

N/A

Chemicals, peptides, and recombinant proteins

Liberase� TL Research Grade Roche Cat# 05401020001

DNase I – from bovine pancreas Roche Cat# 11284932001

Red Blood Cell Lysis Solution (10x) Miltenyi Biotec Cat# 130-094-183

UltraPure� BSA (50 mg/ml) Thermo Fisher Scientific Cat# AM2616

Acridine Orange PI BioCat Cat# F23002-LG

Cell Staining Buffer BioLegend Cat# 420201

Human TruStain FcX� BioLegend Cat# 422301

Zombie Green� Fixable Viability Dye BioLegend Cat# 423111

BD� CompBeads Anti-Mouse Igk/Negative

Control Compensation Particle Set

BD Biosciences Cat# 552843

autoMACS� Rinsing Solution Miltenyi Biotec Cat# 130-091-222

MACS BSA Stock Solution Miltenyi Biotec Cat# 130-091-376

BD Horizon� Brilliant Stain Buffer BD Horizon Cat# 563794

FcR Blocking Reagent, human Miltenyi Biotec Cat# 130-059-901

UltraComp eBeads� Compensation Beads Invitrogen Cat# 01-2222-42

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

Critical commercial assays

Chromium Single Cell 3’ GEM, Library & Gel Bead Kit v3 10x Genomics PN-1000075

Chromium Single Cell B Chip Kit 10x Genomics PN-1000073

Chromium i7 Multiplex Kit 10x Genomics PN-120262

Chromium Next GEM Single Cell 3’ GEM,

Library & Gel bead kit v3.1

10x Genomics PN-1000121

Chromium Next GEM Chip G Single Cell Kit 10x Genomics PN-1000120

Single Index Kit T Set A 10x Genomics PN-1000213

Deposited data

scRNA-seq data Edalat G. S. et al. This paper

ArrayExpress

ArrayExpress: E-MTAB-11791

Samples 28, 50 data also

Accession #: GSE181082

Published scRNA-Seq datasets Stephenson

et al.17, dbGaP

dbGap: phs001529.v1.p1

Published scRNA-Seq datasets Wei et al.23 https://portals.broadinstitute.org/single_

cell/study/SCP469

Original code and instructions This paper https://retogerber.pages.uzh.ch/protocol_synovial

https://retogerber.pages.uzh.ch/synovialscrnaseq

Software and algorithms

FlowJo v10.10.0 BD Biosciences https://www.bdbiosciences.com/en-us/

products/software/flowjo-v10-software

FACSDiva v9.0.1 BD Biosciences https://www.bdbiosciences.com/en-us/products/

software/instrument-software/bd-facsdiva-software

SonyID7000� V2.0.2 Sony Biotechnology https://www.sonybiotechnology.com/us/instruments/

id7000-spectral-cell-analyzer/software/

GraphPad Prism v10.1.2 GraphPad, Dotmatics https://www.graphpad.com/updates/

prism-10-1-2-release-notes

R v4.0.3 R Core Team https://cran.r-project.org/bin/windows/

base/old/4.0.3/

Bioconductor v3.12 Bioconductor https://bioconductor.org

Cell Ranger v6.0.0 10X Genomics https://www.10xgenomics.com/support/software/

cell-ranger/latest/release-notes/cr-release-notes

Other

ART� wide bore filtered pipette tips Thermo Fisher Scientific Cat# 2069G

Blunt cannula 80 mm, 16 G, Ø 1.6 mm APPLIMED SA Cat# 8001741

BD Plastipak� Syringe BD Cat# 303172

Corning� 40mm Cell Strainer Corning Cat# 431750

Corning� 70mm Cell Strainer Corning Cat# 431751
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RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact: Mojca Frank Ber-

toncelj (frankbertoncelj@bio.mx).
Materials availability

This study did not generate new unique reagents.
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Data and code availability

� The complete scRNA-seq dataset from 25 synovial tissue samples of patients with inflammatory arthritis have been deposited at the

ArrayExpress: E-MTAB-11791, https://www.ebi.ac.uk/arrayexpress/ and are publicly available as of date of publication. The Accession

number is listed in the key resources table. The data from patients 28 and 50 have been deposited in the NCBI Gene Expression

Omnibus as part of another publication73 and are accessible also through GEO SuperSeries: GSE181082. The accession numbers

for these datasets are listed in the key resources table.

� The original code and instructions for the integrative analysis of scRNA-seqdata generated by protocols 1 and 2 are available at https://

retogerber.pages.uzh.ch/protocol_synovial. The original code and instructions for the synovial single-cell reference map analysis are

available at https://retogerber.pages.uzh.ch/synovialscrnaseq. Links are listed in the key resources table.

� Any additional information required to reanalyse the data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Study participants

We enrolled 40 consecutive patients with different types of inflammatory arthritis, who were admitted to the Department of Rheumatology,

University Hospital Zurich, Switzerland, for synovial biopsy and introduction/change of arthritis therapy. The arthritis diagnosis was set at the

time of admission and was based on classification criteria for different arthritis conditions2,74,75 and clinical examination by a rheumatologist.

Diagnosis of undifferentiated arthritis (UA) diagnosis was set when arthritis did not meet the criteria for any defined arthritis type. In total, we

collected 42 synovial tissues from 19 patients with RA, 6 patients with spondylarthritis, 6 patients with psoriatic arthritis and 9 patients with UA.

Two RA patients donated biopsies from two different joints. These paired biopsies were processed as independent samples for downstream

analyses. Synovial tissue samples originated from different joints, including knees (n=17), wrists (n=13), metacarpophalangeal joints (n=10)

and sternoclavicular joints (n=2). Twenty five biopsies from 23 patients were utilized for single cell RNA-sequencing studies; the median

age of patients was 55.5 years (range 20 – 81 range), 78% of patients were of female sex (Tables 1 and 2). For proof-of-principle flow cytometry

experiments, we additionally collected synovial biopsy samples from two arthritis patients at Hospital de SantaMaria, Lisbon AcademicMed-

ical Center (CAML), Lisbon, Portugal. Biopsy samples were obtained from the wrist of a 46 year-oldmale patient with early RA, and the knee of

a 66 year-old female patient undergoing diagnostic synovial biopsy and synovial fluid analysis (Table S2). Synovial fluid analysis retrospectively

confirmed the diagnosis of septic arthritis caused byNeisseria gonorrhoeae.Data on ancestry, race, ethnicity, and socioeconomic information

of study subjects were not available for our study. The ethics committee of Canton Zurich, Switzerland (Swissethics Number: 2019-00674, PB-

2016-02014 and 2019-00115), and CAML Ethics Committee, Lisbon, Portugal (Reference N. 110/22) approved the collection and analysis of

patient data and synovial tissues. All patients signed the informed consent for participation in the study before inclusion.
Study workflow

All 44 synovial biopsies used in this study were processed fresh, and the presence of synovium was confirmed histologically for all included

samples. Among the 42 dissociated synovial tissue samples in the University Hospital Zurich cohort, six samples were utilized for other down-

stream applications while eight samples were discarded because of the compromised cell viability/yield. Among 28 sequenced samples, we

excluded three samples because of the limited quality of the scRNA-seq library/data. The final synovial scRNA-seqdataset included single cell

profiles from 25 high-quality synovial cell suspensions obtained from patients with RA (n=15 biopsies), psoriatic arthritis (n=3 biopsies), spon-

dylarthritis (n=4 biopsies) and UA (n=3 biopsies), dissociated either with protocol 122 or protocol 2. In integrative protocol analysis, we inte-

grated scRNA-seq data from RA and psoriatic arthritis synovial tissue samples, which were evenly distributed between the two protocols. All

spondylarthritis synovia were dissociated with protocol 1 and all UA synovia with protocol 2. To create a reference single-cell map of the fresh

human synovium in inflammatory arthritis, we integrated the scRNA-seq data from all 25 synovial tissue samples. Two synovial biopsies in the

CAML cohort were dissociated fresh using protocol 2 at the Instituto de Medicina Molecular João Lobo Antunes, Lisbon, Portugal, and total

unsorted synovial cells were analyzed using multicolor (n=1, biopsy from a patient with septic arthritis) and spectral flow cytometry (n=1, bi-

opsy from early RA patient).
METHOD DETAILS

Ultrasound-guided synovial tissue biopsy

We obtained synovial tissue by ultrasound-guided synovial biopsy using a Quick core 18G x 6cm or a Quick Core 16G 10cm semi-automatic,

guillotine-type biopsy needles and aGeneral Electric� Logiq S7 ultrasoundmachine (GEHealthcare, Boston,Massachusetts, USA).76,77 Joints

were evaluated for synovitis, beforebiopsy, using aGELogiq S7 ultrasoundmachineequippedwith a broad-spectrum linear array hockey-stick

L8-18i transducer and a broad-spectrum linear matrix array ML6-15 transducer or a Canon� Aplio i800 ultrasound machine (Canon Medical

SystemsCorporation, Tochigi, Japan), with amulti-frequency ultra-wideband linear i18LX5 transducer and a 22MHzultra-high frequencyhock-

ey stick i22LH8 transducer. All joints were scanned according to the EULAR Ultrasound Scanning Guide.78 Ultrasound synovitis scoring (gray-

scale synovial hypertrophy, PD ultrasound parameters, semiquantitative grading 0-3) was performed under the EULAR-OMERACT guide-

lines.79 Synovial tissue biopsy fragments were utilized for immunohistology, optimization of tissue dissociation protocol, scRNA-seq

analysis, multicolour flow cytometry, spectral flow cytometry analysis or other downstream applications. Multiple synovial tissue fragments
iScience 27, 109707, June 21, 2024 23

https://www.ebi.ac.uk/arrayexpress/
https://retogerber.pages.uzh.ch/protocol_synovial
https://retogerber.pages.uzh.ch/protocol_synovial
https://retogerber.pages.uzh.ch/synovialscrnaseq


ll
OPEN ACCESS

iScience
Article
were collected from each donor. Specifically, for histological analysis, we scored amedian of 7 (4-15) tissue fragments per joint, collected from

different synovial tissue siteswithin each joint. For scRNA-seq analyses, wepooled amedian of 11 (6-20) biopsy tissue fragments from the same

joint to mitigate the known fragment-to-fragment variability and facilitate representative capture of the synovitis process in individual joints.

Histological analysis of synovial tissue

To identify the presence of synovial tissue in biopsied tissue fragments and to grade synovitis, biopsy fragments were formalin-fixed, paraffin-

embedded, and sectioned (2mm) followed by haematoxylin-eosin, Giemsa and Elastica van Gieson staining. The identity of synovial tissue in

biopsied fragments was confirmed based on the presence of a synovial lining layer and histologic features of the synovial sublining layer

(fibrovascular or fatty tissue). For each tissue sample, grading of synovitis was performed based on the Krenn synovitis scoring (0-9) and its

sub-scores evaluating synovial lining hyperplasia (0–3), stromal cell activation (0-3) and immune cell infiltration (0–3).26 For pathotype anal-

ysis,14 slides were deparaffinized and automatically stained with specific antibodies against synovial cell markers (PECAM-1, DAKO JC/

70a, 1:10; CD20, Ventana Roche L26, prediluted; CD3, Leica LN10, 1:500; CD68, DAKO A/S PG-M1, 1:50; CD138, DAKO A/S, MI15, 1:30

and CD15, DAKO A/S Carb-3, 1:100). We used the HRP-based DAB staining for antigen visualization and performed pre-treatments accord-

ing to the manufacturer’s instructions (Ventana BenchMark). Examination of histological specimens was conducted at the Department of Pa-

thology, University Hospital Zurich, Switzerland by a pathologist and a rheumatologist and at the Instituto de Medicina Molecular, Lisbon,

Portugal by a rheumatologist.

Cell isolation from fresh synovial biopsies

Synovial biopsies used for protocol optimization, scRNA-seq,multicolour flow cytometry and spectral flow cytometry were submerged in ster-

ile RPMI culture medium, transferred to the laboratory, and processed within 1-2 hours of collection. Forty-four fresh synovial biopsy samples

were dissociated either with the protocol of Donlin et al.22 (protocol 1, n=26), or our optimizedprotocol (protocol 2, n=18) derived fromDonlin

et al.22 Briefly, synovial biopsies were minced and digested in a mixed enzymatic-mechanical dissociation including 100 mg/ml Liberase TL

(Roche) and 100 mg/ml DNAse I (Roche); red blood cells were lysed (Red Blood Lysis buffer, Roche), and synovial cell pellets washed. For

a detailed description of our protocol (protocol 2) and reagents used see step-by-step synovial tissue dissociation protocol 2 section and

key resources table. Cell counts and viability were determined using either manual (Neubauer, Trypan Blue) or automated (Luna-FL, Dual

Fluorescence Cell Counter, Logos BioSystems, Acridine Orange/PI, ThermoFisher) cell counting. Neubauer chamber and Luna Dual Fluores-

cence Cell Counter enable visualization of single cells and cell clusters, guiding the required number of filtering steps to facilitate loading of

single cell suspensions onto 10x Genomics chips.

Step-by-step synovial tissue dissociation protocol 2

Step 1 Digest synovial tissue

In the first step of protocol 2, fresh synovial tissue is washed to remove the potential sources of non-synovial cell contamination, minced into

small fragments, and dissociated into synovial cell suspension using the combined enzymatic-mechanical tissue dissociation protocol. CRIT-

ICAL: Volumes of digestion mixes are refined to minimize cell loss.

Timing: 47 min
1. Wash synovial biopsy fragments in D-PBS.
24
a. Transfer the biopsied tissue fragments with sterile forceps onto a wet membrane of a 70 mm cell strainer sitting in a well of a 6-well

plate, filled with 4 ml PBS.

b. Transfer the strainer with tissue to neighboring wells with fresh 4 ml D-PBS. Repeat this washing step 2x. Keep the tissue wet.

Washing removes potential cell contaminants that do not originate from tissue.
2. Mince synovial tissue.
a. Transfer tissue fragments into a 250 ml pre-warmed RPMI (glutamine, HEPES, no Abs, no FBS) medium droplet on a round bottom

culture plate.

b. Mince synovial tissue with a sterile scalpel into small tissue fragments (�1 mm). Keep the tissue wet. Prepare digestion mix.

c. Transfer 500 ml of the pre-warmedRPMImedium (glutamine, HEPES, no Abs, no FBS) into a conical 15ml polystyrene tube. Add 40 ml

of 2.5 mg/ml Liberase TL, Roche to reach 100 mg/ml working Liberase TL concentration and 10 ml of 10mg/ml DNAse I, Roche to get

100 mg/ml working DNase I concentration.

d. Transfer theminced tissue fragments with a wide-bore pipette tip, forceps or scalpel into the digestionmix and top the volumewith

RPMI (glutamine, HEPES, no Abs, no FBS) to a total of 1 ml. Collect all tissue fragments, which might stick to the tip, scalpel, or for-

ceps surfaces. Avoid using forceps with serrated surfaces to prevent excessive tissue sticking and tissue loss.

e. Add magnetic stirrer(s) in the tube and close the tube safely.
3. Digest synovial tissue at 37�C in a mixed enzymatic-mechanical protocol.
a. Transfer the tube with tissue fragments into a 37�C water bath on a magnetic holder, placed within the prewarmed oven (37�C).
NOTE: The water bath facilitates keeping the suspension temperature at 37�C during tissue digestion.
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b. Digest tissue for 30 min at 37�C with a continuous magnetic stirring.

NOTE: A combination of a ball-shaped and a cylinder-shaped stirrer facilitates tissue mixing during digestion.

c. Fifteen minutes after starting the digestion, pass tissues gently through a 16G needle (10x) using a 1 ml syringe (mechanical disso-

ciation).

CRITICAL: The 16Gneedlemay clogwith tissue fragments; the built pressuremay detach the needle, leading to tissue fragment/cell

loss. The 1 ml syringe fits in the falcon tube, preventing the loss of cell suspension in case of needle detachment.
4. Stop enzymatic digestion.
a. Add 200 ml of FBS and 800 ml of RPMI (glutamine, HEPES, no Abs, no FBS) to the digestion mix to reach the final 10% FCS concen-

tration.
Step 2 Enrich dissociated synovial cells

In this step, tissue debris and cell aggregates are removed to obtain a single-cell suspension of synovial cells.

CRITICAL: Synovial cell suspension is enriched by enhancing the release of synovial cells from the digested tissue. Additional washes are

introduced to minimize cell loss.

Timing: 16 min
1. Pre-wet the 40 mm strainer with 2 ml of RPMI medium (glutamine, HEPES, no Abs, 10% FBS) in the six-well plate. Filter the cell suspen-

sion through the 40 mm strainer submerged into the medium using 1 ml wide-bore pipette tips.

2. Wash the falcon tube with an additional 1 ml of RPMI containing 10% FCS to collect the remaining cells and filter through the pre-wet

40 mm strainer into the well with filtered cell suspension.

3. Tissue debris and poorly disaggregated cell clumps will remain on the strainer. Using the syringe plunger head, gently press the sy-

novial tissue fragments against the strainer to facilitate further cell release.

NOTE: Collect any remaining drops of cell suspension from the bottom side of the strainer with a fresh pipette tip and add to the filtered

cell suspension.

CRITICAL: This step releases additional cells from the tissue.

4. Transfer the 5 ml of the filtered cell suspension into a 15 ml Falcon tube.

5. Wash the well with an additional 5 ml of RPMI containing 10% FCS to collect the remaining cells.

6. Centrifuge the enriched filtered cell suspension at 300 x g, RT, 10 min.

Step 3 Lyse red blood cells

In this step, red blood cells are lysed, and synovial cells are washed.

Timing: 27 min
1. Lyse the red blood cells.
a. During centrifugation, prepare 1x red cell lysis buffer (Roche) bymixing 0.5ml of 10x RBC Lysis Buffer in 4.5 ml of nuclease-free H2O.

b. Remove the supernatant and resuspend the pellet gently in 0.5 ml RPMI containing 10% FCS.

c. Add 5 ml of 1x RBC lysis buffer to the cells in 10% RPMI, vortex gently 5 sec, incubate 2 min RT.

d. Centrifuge cell suspension at 300 x g, RT, 10min. Remove the supernatant.
2. Wash the cells in D-PBS.
a. Resuspend cells gently by flicking the pellet and then wash the cells with 10 ml PBS. Centrifuge at 300 x g RT, 10 min.

b. Remove the supernatant.

c. Centrifuge 2 min at 300 x g, RT to remove any residual solution.
Step 4 Prepare single cell suspension for scRNA-seq

In this step, the enriched cells are counted and checked for viability, potential remaining cell debris and aggregates are removedby additional

filtering steps, and the suspension of single synovial cells is prepared for downstream applications (e.g., scRNA-seq).

Timing: 10 min
1. Prepare fresh 0.2% BSA D-PBS (4 ml of 50 mg/ml BSA per 100 ml D-PBS).

2. Gently flick the pellet and resuspend the cells with wide-bore tips in 100-150 ml in 0.2% BSA D-PBS. Keep the cells on ice.

3. Count the cells, determine cell viability and check for debris or cell clumps (e.g., with Luna-FL dual fluorescence cell counter, Logos

BioSystems). If remaining debris or cell clumps, filter the cell suspension through the 35 mm strainer into a 1.5 ml Eppendorf tube.

CRITICAL: This step helps to prevent the clogging of the 10xGenomics chips.
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4. Adjust the cell number to 700 single synovial cells/ml. Dilute or concentrate the cell suspension in 0.2% BSA D-PBS accordingly.

NOTE: 700 cells/ml in our experience minimizes the probability of chip clogging.

5. Keep the cells on ice until starting with the 10x Genomics protocol.
Single-cell RNA-seq library preparation and sequencing

Synovial single-cell libraries were prepared using the 3’ v3.0 and 3’ v3.1 protocols and reagents from 10X Genomics according to the man-

ufacturer’s instructions targeting the encapsulation of up to 6000 cells. We created two independent paired libraries from samples 23, 26 and

28 as part of the quality control pipeline. The quality and quantity of cDNA and libraries were assessed with Agilent Bioanalyzer (Agilent Tech-

nologies). Diluted 10nM libraries were pooled in equimolar ratios, and the library pools were sequenced on the Illumina NovaSeq6000

sequencer (paired-end reads, R1=28, i7=8, R2=91, min. 40,000 - 50,000 reads/cell) at Functional Genomics Center Zurich, the University of

Zurich and ETH Zurich, Switzerland. A total of 6 separate sequencing runs on pooled scRNA-seq libraries, representing sequencing projects,

were performed, as shown in table below. Two library pools (Below table) combined synovial and skin scRNA-seq samples, the latter being

part of the skin protocol optimization and reference skin mapping project.24
Per sample percentage of reads discarded because of swapped barcodes together with the sequencing project identity number (ID)

Sample Proportion of reads discarded Sequencing project ID

SB_023 NA o20549, o20550

SB_026 NA o20549, o20550, o23841

SB_028 NA o21475

SB_049 NA o21475

SB_050 NA o21475

SB_053 NA o23841

SB_054A NA o23841

SB_062 NA o23841

SB_064 NA o23841

SB_074 NA o23841

SB_077a NA o23841

SB_077b NA o23841

SB_078 8.32% o24300

SB_079 3.00% o24300

SB_081 3.36% o24300

SB_083 3.09% o24300

SB_084 3.07% o24300

SB_087 5.54% o24300

SB_091 1.11% o24793

SB_092 0.99% o24793

SB_093 1.20% o24793

SB_096 1.14% o24793

SB_098a 1.20% o24793

SB_098b 1.40% o24793

SB_099 1.03% o24793

Removal of swapped barcodes was performed for library pools o24300 and o24793, which contained scRNA-seq libraries from skin and synovium. Skin samples

are part of another project24 and are not listed.
Multicolour flow cytometry

Fresh dissociated synovial cells were washed in PBS and pelted at 300 x g for 10 minutes. Cell pellets were resuspended in 100 ml Cell Staining

Buffer, BioLegend, containing 5 ml Human TruStain FcX� (BioLegend) and blocked for 10 min RT. After blocking, cells were labeled with APC

anti-humanCD45 (BioLegend), PE anti-humanCD64 (BioLegend, Cat. No. 399504), BV421� anti-humanCD11b (BioLegend, Cat. No. 393114),

Alexa Fluor� 700 anti-human CD3 (BioLegend, Cat. No. 317340), BV785� anti-human CD19 (BioLegend, Cat. No. 363028) and 1 ml (1:100) of
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Zombie Green� Fixable Viability Dye (BioLegend, Cat. No. 423111) at 4�C for 30 min. Cells were then washed, resuspended in D-PBS and

analyzed with the BD FACSAria� Fusion Flow Cytometer at the Flow Cytometry Facility of the Instituto de Medicina Molecular João Lobo

Antunes. Compensation was performed using BD� CompBeads Anti-Mouse Ig labeled with single antibodies and k/Negative Control

Compensation Particle Set (BD Biosciences, Cat. No. 552843) as recommended by the manufacturer. Data were analyzed using FACSDiva

9.0 and FlowJo V10.10.0.
Spectral flow cytometry

Fresh dissociated synovial cells (using protocol 2) were fixed in 2.5% PFA and washed in PBS. Fixed cells were shipped at 4 degrees from the

Instituto deMedicinaMolecular João LoboAntunes, Lisbon, Portugal to BioMedX Institute, Heidelberg, Germany for spectral flow cytometry

analysis. Cells were washed with FACS staining buffer (autoMACS� Rinsing Solution (Miltenyi Biotec #130-091-222) + MACS BSA Stock So-

lution (Miltenyi Biotec #130-091-376). The washed cells were blocked for 15 min at 4 degrees in FACS buffer containing BD Horizon� Brilliant

Stain Buffer (BDHorizon #563794) and FcR Blocking Reagent, human (Miltenyi Biotec #130-059-901). After blocking, cells were labeled with an

antibody cocktail for 1h at 4 degrees, followed by cell washing and analysis on SonyID7000� Spectral Cell Analyzer at BioMed X Institute,

Heidelberg, Germany. The antibody cocktail included anti-Podoplanin-BB700 (BD OptiBuild #749715), anti-CD31-BUV395 (BDHorizon

#565290), anti-CD45-PE/Fire810 (SONY #1116435), anti-CD14-cFluorB548 (Cytek #R7-20115), anti-CD3-BV605 (BD OptiBuild #742623), anti-

CD8b-PE (BioLegend #387307), anti-CD4-PE-Cy7 (BioLegend # 317413) and anti-CD19-BB515 (BDHorizon #564457) antibodies. We used

Sony ID7000� software (Version 2.0.2) for sample unmixing, autofluorescence compensation and data analysis. The unmixing matrix was

calculated using single antibody-labeled Ultracomp eBeads� Kompensations-Beads (Invitrogen 01-2222-42).
QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis

Statistical analysis was performed in GraphPad Prism Software (v10.1.2, GraphPad, Dotmatics). Data on viability and quantity of isolated cells,

age, sex, Krenn synovitis score and 10xGenomics Chemistries for tissues dissociatedwith protocol 1 and protocol 2 were non-normally distrib-

uted. The statistical significance of a difference between the protocol 1 versus protocol 2 data was analyzed using the two-sided Fisher’s exact

test (contingency table analysis of sex differences) or two-sidedMann-Whitney t-test (continuous variables); p< 0.05 accepted as a statistically

significant difference. The statistical significance of the difference in sample drop-out between protocols 1 and 2 was calculated using Chi-

square test with Yates’ correction. The statistical parameters (number of biological or technical replicates, median, ratio) are provided in the

text of the Results section, the Figure legend text or the Table legend text.
Bioinformatics analysis of scRNA-seq data

Transcript count tables were generated from fastq files using cellranger count {cellranger} (version 6.0.0) and the reference Genome

GRCh38.p13 (transcripts from GENCODE Release 3280 with genes coding for mitochondrial rRNA and tRNA, protein-coding RNA, rRNA

and tRNA. Samples 23, 26 and 28 were each prepared as two independent libraries, sequenced in separate batches, and one of the sample

26 libraries was subsequently re-sequenced to reach the comparable sequencing depth across all libraries. Independent samples 23, 26 and

28 libraries were combinedwith cellranger aggr. Additionally, the re-sequenced library from sample 26 was combinedwith the corresponding

sample data. Pooling a subset of synovial libraries with skin scRNA-seq24 libraries led to a limited barcode swapping81 with subsequent detec-

tion of aminor keratinocyte cluster in the synovial cell dataset. The swappedmolecules and empty droplets were removed at the beginning of

the analysis using the R package DropletUtils.82,83 The resulting filtered count matrix was then used for downstream analysis. No special

enrichment for neutrophils was done.68 The analysis was performed in R (version 4.0.3)84 using Bioconductor (version 3.12)85 packages.

The preprocessing consisted of the following steps: (heterotypic) doublet detection and removal using scDblFinder,86 cell filtering using

scuttle87 and SampleQC88 and normalization (log-transformed normalized expression values) using scuttle. Highly variable genes were

selected using scran,89 and dimensionality reduction was performed using PCA and intrinsicDimension90 (selection of PCA components to

keep). The data from the two protocols were integrated using a mutual nearest neighbors approach as implemented in the R Bioconductor

package batchelor. The batchelor package has been specifically created for the integration of datasets from different batches, such as

different experimental factors. Batches were removed by matching mutual nearest neighbors.91 Evaluation of batch integration was done us-

ing CellMixS.92 The cell-type assignment was done in sequential steps. We identified the main synovial cell types first and then assigned cell

subtypeswithin themain cell types individually. The first step of themain cell annotation was graph-based clustering (shared nearest neighbor

graph and louvain clustering) with bluster93 followed bymanual annotation (second step) with assistance from automatic cell type assignment

using CellID,94 cluster-specific/enriched genes and known marker genes. Cell subtype annotation followed the same steps as the main cell

type annotation, starting from highly variable gene selection and using only the respective cell subset. Proportions of neutrophils were calcu-

lated by dividing the total number of neutrophils in a sample by the total number of cells in the respective sample. Marker genes were deter-

mined with pairwise Wilcoxon tests (using scran). We combined these marker genes with known cell markers and manually selected genes

identified in the cluster comparison analysis based on the log-fold change expression (IlogFCI>1) to create the heatmaps. Differential

abundance analysis of cell types was conducted using edgeR.95 Figures were generated with ggplot296 and ComplexHeatmap.97 Trajectory

analysis was performed on PECAM1+ endothelial cells. First, proliferating and lymphatic endothelial cells were removed, while all venous

endothelial cell subsets were aggregated into a single venous endothelial cell cluster. A trajectory was then inferred on the batch-corrected
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counts using slingshot.98 Testing the association of genes with pseudotime was done using tradeSeq.99 The top identified genes were then

manually interpreted for biological relevance. To plot gene co-expression in single cells, we calculated the geometric mean of the expression

of the two genes of interest; the calculated geometric mean values were visualized in the UMAP embedding, with color indicating the geo-

metric mean of the expression of the two genes of interest.
Integration of scRNA-seq dataset with publicly available human synovial scRNA-seq data

Our in-house dataset was integrated with datasets fromWei K et al.23 (scRNA-seq profiles of sorted stromal cells from cryopreserved synovial

tissues of six RA patients) and Stephenson W et al.17 (scRNA-seq data from non-sorted, fresh-dissociated synovial cells from 5 RA patients).

The data fromWei K et al.23 was preprocessed as described above since fastq files were available. The data from StephensonW. et al.17 was

available as a filtered count matrix. The three data sets (in-house, Wei K. et al.23, Stephenson W et al.17) were integrated by keeping only the

union of observed genes. The integrated data was processed in the same way as described above. A batch correction was performed using

batchelor, which allowed us to calculate the corrected log-expression values that were then used for label transfer using SingleR.100 As a refer-

ence, we used our analyzed and annotated reference synoviummap with single-cell profiles from 25 fresh synovial tissue samples of patients

with inflammatory arthritis (Figure 8).
28 iScience 27, 109707, June 21, 2024


	ISCI109707_proof_v27i6.pdf
	Molecular maps of synovial cells in inflammatory arthritis using an optimized synovial tissue dissociation protocol
	Introduction
	Results
	Optimized dissociation protocol for fresh synovium minimized the sample dropout rate
	The optimized protocol 2 enabled detailed scRNA-seq mapping of the human synovium
	Flow cytometry detected diverse synovial cell populations in protocol 2 cell suspensions
	Generation of a single-cell reference map of fresh human synovium in inflammatory arthritis
	Subcluster analysis uncovered the diversity of T cells in freshly dissociated human synovium
	Subcluster analysis unveiled the synovial fibroblast heterogeneity in freshly dissociated human synovium
	Subcluster analysis identified synovial macrophage subset heterogeneity
	Subcluster analysis uncovered endothelial cell diversity in freshly dissociated human synovium in inflammatory arthritis
	Merging main cluster and subcluster annotations derived a reference single-cell map of human synovium in inflammatory arthritis
	In house synovial scRNA-seq cell dataset served as a reference annotation resource to map synovial cell types in published  ...

	Discussion
	Limitations of the study

	Supplemental information
	Acknowledgments
	Author contributions
	Declaration of interests
	References
	STAR★Methods
	Key resources table
	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Experimental model and study participant details
	Study participants
	Study workflow

	Method details
	Ultrasound-guided synovial tissue biopsy
	Histological analysis of synovial tissue
	Cell isolation from fresh synovial biopsies
	Step-by-step synovial tissue dissociation protocol 2
	Step 1 Digest synovial tissue
	Timing: 47 min

	Step 2 Enrich dissociated synovial cells
	Timing: 16 min

	Step 3 Lyse red blood cells
	Timing: 27 min

	Step 4 Prepare single cell suspension for scRNA-seq
	Timing: 10 min


	Single-cell RNA-seq library preparation and sequencing
	Multicolour flow cytometry
	Spectral flow cytometry

	Quantification and statistical analysis
	Statistical analysis
	Bioinformatics analysis of scRNA-seq data
	Integration of scRNA-seq dataset with publicly available human synovial scRNA-seq data





