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Unraveling the spatial and
sighaling dynamics and splicing
kinetics of immune infiltration
In osteoarthritis synovium

Chuan Wang*", Zevar Zeng?, Tao Wang?, Zhihong Xie*,
Jian Zhang', Wentao Dong®, Fei Zhang™ and Wuxun Peng™

‘Emergency Surgery, Affiliated Hospital of Guizhou Medical University, Guiyang, China, ?School of Life
Sciences, Sun-Yat-sen University, Guangzhou, China

Introduction: Osteoarthritis (OA), a debilitating joint disorder characterized by
synovial inflammation and immune myeloid cell infiltration, currently lacks a
comprehensive spatial and transcriptional atlas. This study investigates the spatial
dynamics, splicing kinetics, and signaling pathways that drive immune infiltration
in OA synovium.

Methods: We integrated single-cell RNA sequencing (scRNA-seq) data from 8
OA and 4 healthy synovial samples with spatial transcriptomics using Spatrio.
Spatial transition tensor (STT) analysis decoded multistable spatial homeostasis,
while splicing kinetics and non-negative matrix factorization (NMF) identified
gene modules. CellPhoneDB and pyLIGER mapped ligand-receptor interactions
and transcriptional networks.

Results: Re-annotation of scRNA-seq data resolved synovial cells into 27
subclasses. Spatial analysis revealed OA-specific attractors (8 in OA vs. 6 in
healthy samples), including immune myeloid (Attractor3) and lymphoid
infiltration (Attractor4). Key genes OLR1 (myeloid homeostasis) and CD69 (T-
cell activation) exhibited dysregulated splicing kinetics, driving inflammatory
pathways. Myeloid-specific transcription factors (SPI1, MAF, NFKB1) and
lymphoid-associated BCL11B were identified as regulators. Computational drug
prediction nominated ZILEUTON as a potential inhibitor of ALXN5 to mitigate
myeloid infiltration.

Discussion: This study delineates the spatial and transcriptional landscape of OA
synovium, linking immune cell dynamics to localized inflammation. The
identification of OLR1 and CD69 as spatial homeostasis drivers, alongside
dysregulated signaling networks, offers novel therapeutic targets. These
findings advance strategies to modulate immune infiltration and restore
synovial homeostasis in OA.
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Introduction

Osteoarthritis (OA) is a prevalent and debilitating joint disorder
characterized by the progressive degradation of articular cartilage,
subchondral bone changes, and synovial inflammation, ultimately
leading to pain and impaired mobility (1, 2). The synovial membrane,
which lines the joint cavity, plays a pivotal role in maintaining joint
homeostasis by producing synovial fluid that lubricates and nourishes
the cartilage (3-5). In OA, the synovial membrane undergoes
significant pathological changes, including hyperplasia and
infiltration by immune cells, particularly myeloid cells such as
macrophages and monocytes (6-8). These myeloid cells are key
mediators of inflammation and tissue remodeling, contributing to
the chronic inflammatory environment observed in OA joints (9-11).

Recent advances in single-cell RNA sequencing (scRNA-seq) have
revolutionized our understanding of tissue heterogeneity and cellular
interactions by enabling high-resolution mapping of cellular states and
their spatial organization within tissues (12-14). However, spatial
transcriptomics sequencing data for osteoarthritis are lacking. Existing
studies have only explored the mechanisms of osteoarthritis at the
cellular level (15). The etiology of osteoarthritis is a spatially regulated
process and revealing perturbations in regions or cells spatially
involved in osteoarthritis can help us optimize osteoarthritis
medication and deepen our understanding of the mechanism (16, 17).

In this study, we first re-annotated the existing single-cell data
on osteoarthritis, adjusting the subpopulation resolution from 7
major classes to 27 subclasses. The finer mapping of osteoarthritis
cells helps us to refine the cellular mechanisms of OA. To obtain the
spatial location of osteoarthritis cells in the synovium, we used the
rheumatoid arthritis (RA) synovial membrane spatial profile as a
reference atlas to project the single cells spatially using spatrio. We
also computed the splicing kinetics of each cell with OA, and the
local splicing kinetics of the projected atlas were divided into spatial
attractors. Finally, we constructed gene modules on the spatial atlas
using non-negative matrix (NMF) decomposition, and we
investigated the spatial signaling flow signal with transcript factor
in normal synovium and synovium in osteoarthritis based on the
ligand-receptor database CellPhoneDB (Figure 1a).

Specifically, we identify significant spatial attractor in the synovial
membrane architecture and extensive infiltration of myeloid cells in
OA compared to healthy controls. Through detailed transcriptional
profiling, we reveal key differentially expressed genes (DEGs) and
transcription factors (TFs) driving the inflammatory and remodeling
processes in OA. We then prediceted the potential drug ZILEUTON to
target ALXN5 of the exceptionally myeloid and remove the
osteoarthritis-specific myeloid cells. Our study reveals, for the first
time, the kinetic characteristics and inflammatory mechanisms of
lymphatic infiltration on the spatial surface of osteoarthritis.

Result

Single-cell atlas reveals cellular
heterogeneity in osteoarthritis synovium

To elucidate the cellular landscape of the synovial membrane in
osteoarthritis (OA), we first reanalyzed publicly available single-cell
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RNA sequencing (scRNA-seq) data from the Gene Expression
Omnibus (GEO) database included 8 OA samples and 4 healthy
samples. Then we used Spatrio to spatially locate the scRNA profile
onto rheumatoid arthritis (RA) synovial membrane spatial profile
(Figure 1a, Table 1). Our analysis aimed to characterize the various
cell populations and their transcriptional states, as well as to identify the
cellular disruptions associated with OA both cellular and spatial level.

Using a combination of dimensionality reduction techniques,
we generated a UMAP visualization that revealed distinct clusters
representing various cell types included 78,260 cells within the
synovial membrane, including endothelial cells (ECs, 9,262),
fibroblasts (Fibro, 43,889), lymphoid cells (Lymphoid, 3,999),
mast cells (Mast, 76), mural cells (Mural, 6,177), myeloid cells
(Myeloid, 14,226), and plasma cells (Plasma, 239) (Figure 1b;
Supplementary Figures la-c). These clusters were annotated based
on the expression of canonical marker genes, as illustrated in the
accompanying dot plot (Figure 1le; Supplementary Figure 1d). The
UMAP plot further highlighted the differential distribution of cells
between OA and healthy synovium, with OA groups showing a
distinct clustering pattern compared to healthy controls (Figure 1c).
At the patient level, the variability in cell distribution was evident,
reflecting the heterogeneity of the disease (Figure 1d).

We first compared the changes in cell proportions between OA
and healthy synovium using the Ro/e metric, revealing that
endothelial cells (ECs) and mural cells were less abundant in OA,
while mast cells, myeloid cells, and plasma cells were more
abundant (Figure 1g). To account for potential sample-specific
biases, we employed scCODA, a Bayesian statistical method, to
rigorously assess proportional differences. This analysis confirmed a
significant increase in myeloid cell proportions in OA and a
decrease in mural cell and EC proportions (Figure 1h).

Overall, our comprehensive single-cell atlas of the synovial
membrane in OA reveals significant alterations in cellular
composition and transcriptional dynamics, particularly the marked
infiltration and enrichment of myeloid cells. These findings underscore
the importance of myeloid cells in the inflammatory milieu of OA and
provide a valuable resource for understanding the cellular mechanisms
underlying OA pathogenesis.

Spatial domains define distinct
microenvironments in
osteoarthritis synovium

To uncover the spatial organization and domain-specific
cellular distribution in the synovial membrane of osteoarthritis
(OA) patients, we leveraged spatial transcriptomics data alongside
single-cell RNA sequencing (scRNA-seq) data. Our analysis
involved the integration of spatial and single-cell datasets to map
the spatial locations of various cell types identified in our single-cell
atlas. Initially, we conducted spatial clustering of the synovial
membrane using STAGATE, which allowed us to define distinct
spatial domains within the tissue. These domains were annotated
based on hematoxylin and eosin (HE) staining and the expression of
region-specific markers, revealing the anatomical structure of the
synovial membrane, including lymphoid aggregates, sub-synovial
layers, synovial lining layers, and synovial stroma layers (Figure 2a)
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FIGURE 1

Cellular and molecular landscape of osteoarthritis (OA) and healthy synovium. (a) Schematic overview of the study design. The analysis is based on 8
OA cases and 4 healthy controls, leveraging single-cell RNA sequencing data. Synovium from synovitis serves as a reference for single-cell
localization in OA. RNA splicing kinetics and spatial transition tensors are used to investigate spatial homeostasis, while CellPhoneDB and flowsig
analyses reveal disruptions in spatial signaling. (b) UMAP visualization of synovial tissue single-cell RNA sequencing data, organized by cell type:
endothelial cells (ECs), fibroblasts (Fibro), lymphoid cells (Lymphoid), mast cells (Mast), mural cells (Mural), myeloid cells (Myeloid), and plasma cells
(Plasma). (c) UMAP plot highlighting OA (red) and healthy (blue) conditions, showcasing the distribution of cells by condition. (d) UMAP plot
distinguishing cells according to patient ID and condition, facilitating patient-specific analysis. (e) Dot plot illustrating expression levels of marker
genes across cell types. Dot size reflects the fraction of cells expressing each gene, and color intensity represents average expression. (f) Bar plot
showing the cell type proportions in OA and healthy samples, highlighting differences in cellular composition. (g) Heatmap of cell type enrichment in
OA versus healthy synovium, with the color scale representing log fold changes; positive values indicate higher abundance in OA. (h) Bar plot
depicting log2 fold change (log2FC) in cell type abundance in OA compared to healthy synovium, calculated by scCODA.

(18). To assign spatial coordinates to the single cells, we utilized
Spatrio to locate the single-cell profile in synovial membrane spatial
slice. This method enabled us to infer the spatial positions of 10,000
randomly selected cells from both OA and healthy groups. The
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resulting spatial maps displayed a clear distinction in the spatial
distribution of cell types between OA and healthy synovium
(Figure 2b; Supplementary Figures 2a, b). To verify the
distribution of our cells, we also performed spatial location
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TABLE 1 Information of healthy donor and OA patients whose biospecimens were used for scRNA-seq and snRNA-seq experiments.

Sample Disease

Dataset Type Sample ID Age Gender BMI (kg/m?)  Joint Stage/Type

GSE216651 OA Experiment 1 82 F 22.8 Knee (R) Knee OA

GSE216651 OA Experiment 2 75 F 21.7 Knee (R) Knee OA

GSE216651 OA Experiment 3 64 F 33.7 Knee (L) Knee OA

GSE216651 Healthy Experiment 4 33 M 22.5 Knee (R) Healthy Knee Joint

GSE216651 Healthy Experiment 5 21 F 21.2 Knee (R) Healthy Knee Joint

GSE216651 Healthy Experiment 6 37 M 21.2 Knee (R) Healthy Knee Joint

GSE216651 OA snRNA-seq 1 78 F 23.1 Knee (L) Knee OA

GSE216651 OA snRNA-seq 2 79 F 225 Knee (L) Knee OA

GSE216651 Healthy snRNA-seq 3 37 M 212 Knee (R) Healthy Knee Joint
Medial compartment
dominant knee OA,
undergoing total knee

GSE152805 OA GSE152805_0OA_1 F Knee replacement (inferred)
Medial compartment
dominant knee OA,
undergoing total knee

GSE152805 OA GSE152805_0OA_2 F Knee replacement (inferred)
Medial compartment
dominant knee OA,
undergoing total knee

GSE152805 OA GSE152805_0OA_3 M Knee replacement (inferred)

matching on another spatial slice of the synovium and found that
the cells were consistent with the spatial locations (Supplementary
Figures 2¢, d, 3a, b).

By examining the expression of key marker genes within these
spatial domains, we observed distinct spatial patterns of gene
expression in OA compared to healthy synovium. For instance,
the expression of MS4A1, CD163, COMP, and CTSZ highlighted
the differential localization of lymphoid and myeloid cells, as well as
fibroblasts, within the synovial membrane (Figure 2c;
Supplementary Figure 3c). These spatial expression patterns were
consistent with the histological features observed in the HE-stained
sections. Notably, myeloid cells and plasma cells were enriched in
specific spatial domains in OA, suggesting localized inflammatory
responses (Figure 2d; Supplementary Figure 3d). To validate these
findings, we analyzed the cell type proportions within each spatial
domain. This analysis confirmed the significant decreased of
myeloid cells in the synovial lining layer and increased in sub-
synovial layers 2-3 in OA, while other cell types showed variable
distributions across the spatial domains (Figures 2e, f;
Supplementary Figure 3e).

Spatial attractors reveal disrupted immune
homeostasis in osteoarthritis synovium

To further explore the disruption of synovial space homeostasis in

osteoarthritis (OA), we used spatial transition tensor (STT), a method
that uses messenger RNA splicing and spatial transcriptomes through a
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multiscale dynamical model to characterize multistability in space
(19) to simultaneously construct synovial space homeostasis maps in
both OA and Healthy samples (Figures 3a, 4a, b) . In OA, we identified
8 types of attractors (Figures 3a-c), while in Healthy samples, 6 types
of attractors were identified (Figures 3d-f). We found that in OA,
Attractor3 is associated with immune myeloid cells, representing the
myeloid spatial homeostasis point; Attractor4 is related to lymphocytes,
representing the spatial homeostasis point of lymphatic infiltration; and
Attractor5 is associated with resident myeloid cells (Figure 3c). In
Healthy samples, there is no specific attractor related to lymphatic
infiltration, with only Attractor] associated with resident myeloid cells
(Figure 3f). Through spatial dynamics, we discovered that, compared to
Healthy samples, OA exhibits specific spatial homeostasis conditions of
immune myeloid and lymphatic infiltration (Figures 3g, i).

To uncover the driving genes of spatial homeostasis in
lymphatic infiltration and immune myeloid cells in OA, we first
calculated the differentially expressed genes in myeloid and
lymphoid cells. In myeloid cells, 41 upregulated genes and 21
downregulated genes were identified (Figure 3j). For the spatial
homeostasis in OA, STT identified a total of 238 homeostasis genes.
Among them, ADD3, EZR, ZNF331, ETS1, and CD69 were
identified as spatial homeostasis genes for lymphatic infiltration,
while CMKLR1, ARHGEF10L, PRG4, OLR1, and CRTAC were
identified as driving genes for the spatial homeostasis of immune
myeloid cells (Supplementary Tables 1, 2).

In Attractor3, the splicing dynamics slope of OLRI is smaller
than 1, indicating an immature state. A splicing dynamics slope
below 1 in our velocity-based analysis suggests a higher proportion
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FIGURE 2

Spatial distribution and cellular composition of synovial membrane in healthy and osteoarthritis (OA) conditions. (a) Spatial map highlighting
anatomical layers of the synovial membrane knee, including lymphoid, sub-synovial layers 1-3, synovial lining layer, and synovial stroma layers 1-2.
(b) Spatial distribution of cell types in healthy and OA synovial tissues. Cells are color-coded by type, including endothelial cells (ECs), fibroblasts
(Fibro), lymphoid cells (Lymphoid), mast cells (Mast), mural cells (Mural), myeloid cells (Myeloid), and plasma cells (Plasma). (c) Spatial expression
patterns of marker genes MS4A1, CD163, COMP, and CTSZ across different layers in both healthy and OA conditions. (d) Proportion of each cell type
across anatomical layers in healthy and OA synovial tissues, shown as area plots with distinctive colors for each layer. (e) Bar plots indicating the
relative abundance of each cell type across different anatomical layers for healthy and OA synovial tissues, with cell types color-coded and
proportionally represented. (f) Heatmap showing relative enrichment (Ro/e) of Myeloid cells across layers in OA and healthy groups, with color scale

depicting log fold changes; positive values imply higher abundance in OA.

of unspliced (newly transcribed) mRNA relative to spliced (mature)
mRNA for OLR1 in myeloid cells within this attractor. This
“immature” state can be interpreted as active transcription and
potentially increasing expression levels of OLRI in these cells. OLR1
is indeed expressed at higher levels in myeloid cells of OA than in
healthy individuals (Figures 3h, k), consistent with active gene
expression associated with the attractor state. OLR1(also known
as Lox1) has been found in past reports to have higher expression
on synovium in OA than in Healthy and to be enriched on
macrophages (20-22), but the exact mechanism is unclear. We
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used dynamo to construct a developmental atlas of splicing
dynamics of myeloid cells in OA, and we subsequently modeled
the effects on the development of the myeloid lineage profile in OA
in the case of OLR1 overexpression and OLRI1 knockdown,
respectively. the developmental profile of Mono to Inflamm.M¢
was inhibited when OLR1 was knocked down, and when OLR1 was
overexpressed the developmental profile of Mono to Inflamm.M¢
was inhibited, and when OLR1 was overexpressed the
developmental profile of Mono to Inflamm.M@ was inhibited.
developmental lineage was significantly activated when OLR1 was
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overexpressed, consistent with the upregulation of OLR1 expression

in OA (Figures 4c, d).

In Attractor4, the splicing dynamics slope of CD69 is less than 1

also, indicating a mature state activation of T cells, spatial
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(Figure 3h). CD69 has been found in past reports to have higher
expression on synovium in OA and RA than in Healthy and to be
enriched on T cells (23-25), but the exact mechanism is unclear. We
used dynamo to construct a developmental atlas of T cell splicing
dynamics in OA, and we subsequently modeled the effects on OA T

Healthy Attractor
o c MPCs_celitype [7] d f Resid.M@_celltype Il
_celltype =
1 PreADs_celltype Il ) Mono_cel
7_attract NK_celltype ==
2 D T Interfibro_celitype [] ; o1 ll-a“'a“°'Gran\:\Locytes —celtype —
°3 T_CLP_celltype — -l e2 T_CD8 celitype —
04 ADs_celltype = N ®3 DCs_celltype ==
T_CD4_celitype = t T_CD4_celltype =
5 T_CD8_celitype = 8 o4 Mast_celltype —
6 K_celltype = :| 5 ADs_celltype ]
7 (4 _attractor Mast_celitype— % [E92_attractor SMCs_celltype Il
l A I.I.Flhra_celltyml = trans_coord1 [l 0_attractor Osteog:s'tasl—zg::g:zf
Plasma_celltype — Pericytes_celltype =
) :qual_ce::tvpe; Healthy Attractor ECs_CD74. celltype =
esid.Me_celltype [ ] ECs_ANO2_celltype ==
5_attractor e 3 3_attractor = ¢ P
(1) D Mono, celltype\j 0 ECs_CD36_celltype==
) W3 attractor 1 qamm, Mo_celltype == : p :éi—x@:;‘;:ﬁ:“gg::
B DCs. ce::type— 2 ECs_PKP4_celltype—
] Pericytes_celltype — .
oa ==0_attractor gcs_MAST4_celitype = g o3 MPCs,ceIItypeEl
ECs_PKP4_celltype ==
5 ECs_CD36_celitype— ] o4 S-attractor  preaps_celitype [l
6 -;_attractor ECEC;_;:;:_&::ZDE- ﬁl 5 InterFibro_celltype [T
== 2_attractor ECs_| _celltype — = —
7 ECs_ANO2_celltype — g ECs_DCN_celltype
= 2] il
SMCs_celltype spatial_new* ) . t‘Lattractor LLFibro_celltype . )
R DEGs in Myeloid DEGs in Lymphoid
OA OLR1 100 . PRG4,CRIRC1, 10.0 . ® e ©
Attractor3, Spliced j : :
™ T [ v
S 75 [ g 75
2 HE =
S [ S
g 50 [ < 50
. 1 1ARyeEF1OL 2
8 AT 8
< 25 1 1 KLR1 <X 25
T oA ]
1 1
04 =====- bttt 0.0
-2.0 0.0 2.0 -1.0 0.0 1.0
log>FC log>FC
N up:41 i down:21 B up:59 I down:162
k Multistable in OA
DEGs of Lymphoid DEGs of Myeloid Multistable Gene
ADD3,EZR y MKLR1 ARHGEF10L
ZNF331,ETS1 PRG4,0LR
CD69 CRTAC1
0 2
Ms
Healthy I
CMKLR1

Attractor1, Unspliced

OA
healthy
OA
healthy
OA
healthy

Attractor states and differential gene expression in osteoarthritis (OA) synovium. (a) Visualization of OA attractor states in the transition map, showing
distinct cellular trajectories. (b) Spatial map of synovial tissue, indicating the distribution of attractor states across the tissue in OA. (c) Sankey diagram
illustrating the relationship between attractor states and cell types, showing the flow through different states. (d) Visualization of healthy attractor
states in the transition map, highlighting distinct cellular trajectories. (e) Spatial map of synovial tissue, indicating the distribution of attractor states
across the tissue in healthy conditions. (f) Sankey diagram displaying the relationship between attractor states and cell types, illustrating cellular flow
through different states. (g) Spatial distribution of unspliced and spliced RNA in OA attractor states 3 for Myeloid and 4 for Lymphoid, highlighting
areas of high transcriptional activity. (h) Spatial distribution of unspliced and spliced RNA in healthy attractor states 1 for Myeloid and 4, highlighting
high transcriptional activity. (i) Scatter plots of gene expression levels for OLR1, CD69 and CMKLR1, comparing unspliced (Mu) and spliced (Ms) RNA
counts in OA conditions. (j) Volcano plots of differentially expressed genes (DEGs) in myeloid and lymohoid. (k) Venn plot showing the overlap of
DEGs in myeloid and lymphoid cells, and genes that are multistable in OA. (1) Violin plots showing expression levels of OLR1, CD69, and CMKLR1 in
OA and healthy synovium, highlighting significant differences.

Frontiers in Immunology

06

frontiersin.org


https://doi.org/10.3389/fimmu.2025.1521038
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.
a celltype_minor Lymphoid
® DCs
® Granulocytes
® Inflamm.Mg
Mast
® Mono
Osteoclasts
® Resid.Mg
%1
Bmag 0
OLR1 KO OLR1 Over-Expression
C
® DCs
® Granulocytes
® Inflamm.Mg
Mast
® Mono
Osteoclasts
’;\ :. ® Resid.Mg
S S
® s
3, K
5 ® g
€ £
umapj‘enurbauon_o umap,&;rtumanon,O
& g
3 13
5 H
d CMKLR1 KO CMKLR1 Over-Expression
® DCs
® Granulocytes
® Inflamm.Mg
Mast
® Mono
Osteoclasts
il - ® Resid.Mg
< <
S S
ki s
3 F)
b ® 5
£ €
umap_§erturbation_0 umap_Rerturbation_0
o o
g &
£ £
5 5
CD69 KO CD69 Over-Expression g

3

OLR1 + nuclei(%)

FIGURE 4

10.3389/fimmu.2025.1521038

e Potential
16

Lymphoid Ddhodg
o M T S

o

Osteoarthritis

Control

OLR1

DAPI

CMKLR1

DAPI

CD69

DAPI

b 1.430 g 0.8
1.0 T
So06
c
Y04
— 8
0.5 0345 &
X
O
0.0 0.0
Control  OA Control  OA Control  OA

RNA Velocity, Developmental Potential, and Experimental Validation of Key Genes in Myeloid and Lymphoid Cells. (a) UMAP graph with RNA velocity
streamlines overlain, to depict the flow of cell states over time based on splicing ratios for each gene. Arrowheads depict ‘flow" of RNA velocities Left
panel is Myeloid, right panel is Lymphoid. (b) UMAP graph with RNA velocity streamlines showing the Ddhodge potential (In fact, it is the negative of
potential here for the purpose to match up with the common usuage of pseudotime so that small values correspond to the progenitor state while

large values terminal cell states.). (c, d) Streamflow of Myeloid development,
and with OLR1, CMKLR1 knockdown. (e) Streamflow of Lymphoid activation,

presenting profiles in original data, with OLR1, CMKLR1 overexpression,
presenting profiles in original data, with CD69 overexpression, and with

CD69 knockdown. (f, g) Staining (f) and quantification (g) of OLR1, CMKLR1 and CD69 in human Synovium of Control and Osteoarthritis. (n=3) (*p <

0.05, **p < 0.01, ***p < 0.001)

cell lineage development in the case of CD69 overexpression and
CD69 knockdown, respectively. the developmental profiles of T
naive to T CD4+ and T CD8+ were inhibited when CD69 was
knocked down, and when CD69 was overexpressed, the
developmental profiles of T naive to T CD4+ and T CD8+
developmental lineages were significantly activated when CD69
was overexpressed, consistent with the upregulation of CD69
expression in OA (Figure 4e).

Further, we conducted immunofluorescence verification on
synovial tissue and found that OLR1, CD69 and CMKLRI were all
expressed in synovial tissue. Therefore, we also confirmed in vivo that
OLRI, CD69 and CMKLRI1 are key genes in the formation of
lymphatic infiltration space in synovial tissue (Figures 4f, g). Our
study reveals, for the first time, the kinetic characteristics and
inflammatory mechanisms of lymphatic infiltration on the spatial
surface of osteoarthritis.
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Dysreqgulated ligand-receptor interactions
in osteoarthritis synovial signaling

To elucidate the specific signaling factors involved in the spatial
steady state of immune myeloid and lymphatic infiltration in
osteoarthritis (OA), we employed a comprehensive multi-step
approach. Initially, we utilized CellPhoneDB to computationally
analyze interactions among seven distinct cell types in both OA
patients and healthy individuals, thus identifying key ligand-
receptor pairs critical for cellular communication. Subsequently,
we leveraged pyLIGER to construct 20 Gene Modules (GEMs),
enabling us to discern the specificity of regulatory modules in signal
transduction across diverse cell types.

Our analysis revealed that GEM-5, GEM-11, GEM-13, and
GEM-16 are predominantly associated with myeloid cells, while
GEM-12 and GEM-17 are primarily linked to lymphocytes
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(Figure 5a, Supplementary Figure 4a). Further investigation
identified the Top 10 transcription factors (TFs) for these six
GEMs. In myeloid cells, SPI1 emerged as the specific TF for
GEM-13. SPI1, also known as PU.1, has been implicated in the
regulation of immune response genes, which are crucial in OA due
to their role in inflammation and synovial macrophage activity (26).
TFEC was identified as the specific TF for GEM-5, and although its
direct link to OA is less documented, it is known to influence

macrophage differentiation, which plays a role in OA pathogenesis

10.3389/fimmu.2025.1521038

(27). MAF was identified for GEM-11, directly related to
granulocyte functions affecting inflammation and tissue
remodeling in OA (28). NFKB1 was identified for GEM-16, a
pivotal factor in inflammatory response regulation in OA, as
NFKB1 is involved in the expression of pro-inflammatory
cytokines in osteoarthritic cartilage (29). In lymphocytes, BCL11B
was identified as the specific TF for GEM-12. BCL11B is crucial for
T-cell development and function, thus impacting immune
responses in RA (30). MCTP2 was identified as the specific TF
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Gene expression modules (GEMs) and transcriptional regulation in osteoarthritis (OA) synovium. (a) Dot plot displaying the fraction of cells and mean
expression levels of genes in different GEMs across cell types: endothelial cells (ECs), fibroblasts (Fibro), lymphoid cells (Lymphoid), mast cells (Mast),
mural cells (Mural), myeloid cells (Myeloid), and plasma cells (Plasma). Dot size indicates cell fraction; color intensity represents mean expression
level. (b) Top 10 transcription factors (TFs) and genes associated with GEM-13, ranked by significance score. (c) Volcano plot of differentially
expressed (DE) inflow genes in myeloid cells, comparing OA to healthy synovium. Key genes are labeled, with upregulated genes in red and
downregulated in blue. (d) Volcano plot of DE outflow genes in myeloid cells, comparing OA to healthy synovium. Key genes are labeled, with
upregulated genes in red and downregulated in blue. (e) Network diagram illustrating interactions between key genes in GEM-13, GEM-11, GEM-5,
and GEM-16, highlighting significant DE genes or DE flows genes. The grey represent inflow signal receptor, red represent outflow ligand.

(f) Network diagram depicting interactions between key genes and TFs of GEM-13, including inflow receptors and outflow ligands. Red indicates
outflow ligands, grey inflow ligands, orange TFs, and other colors represent GEM genes. (g) Violin plots showing expression levels of ADGRES5,
ITGAM, SPI1, and IL6R between OA and healthy groups. (h) Gene Ontology (GO) enrichment analysis for biological processes associated with GEM-
13, showing the fractions of genes involved in each process. The size of the dots represents the fraction of genes, while the color intensity indicates
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for GEM-17, a module regulating natural killer (NK) cells, which
have been implicated in OA due to their role in synovial
inflammation (31) (Figures 5b-d; Supplementary Figures 4b, c).

After we performed Gene Ontology enrichment analysis on each
GEM, we found that GEM-13 functionally correlated with MHC
Class II Protein Complex Assembly and Peptide Antigen Assembly
With MHC Class II Protein Complex function (Figure 5h). We
concluded that GEM-13 is associated with Myeloid infiltration.
Subsequently, we used String-DB to further investigate the
upregulated inflow signaling ADGRE5 and upregulated outflow
signaling set of Myeloid in relation to TF and Genes in GEM-13.
We revealed ADGRE5->ITGAM->SPI1->IL6, ADGRE5->ITGAM-
>SPI1->1L6->ALCAM, ADGRES5->ITGAM->SPI1->ITGAM-
>CD55, and others (Figures 5e-g). suggests that inflammatory
macrophages in osteoarthritis are extensively affected by ADGRE5
activation of their own SPI1 to regulate of inflammation,
phagocytosis, and cell signaling.

In addition, the function of GEM-12 was found to correlate with
the function of T-cell activation (Supplementary Figure 4c), and we
found the formation of T-cell aggregation homeostasis to be one of
the hallmarks of OA in our previous analysis (Figure 2g). We
concluded that GEM-12 is associated with T cell activation.
Subsequently, we used String-DB to further investigate the
relationship between the up-regulated inflow signal IL6R and the
up-regulated outflow signal CXCL2 of Lymphoid T cells with TFs
and Genes in GEM-13. We revealed the signaling process IL6R-
>IL7R/PTPRB->BCL11B/STAT4->IL7R->CXCL2 (Supplementary
Figures 4e-g). It is shown that the activation of T cell homeostasis
in osteoarthritis is mediated by IL6R. CXCL2, a chemokine involved
in the recruitment of inflammatory cells to the synovial space
promote the inflammation (32).

Further, we conducted immunofluorescence verification on
synovial tissue and found that OLR1, CD69 and CMKLR1 were
all expressed in synovial tissue. Therefore, we also confirmed in vivo
that OLR1, CD69 and CMKLR1 are key genes in the formation of
lymphatic infiltration space in synovial tissue.

Discussion

Understanding the spatial and signaling dynamics, as well as the
splicing kinetics of immune infiltration in osteoarthritis (OA)
synovium, sheds light on the complex pathogenesis of this
debilitating joint disorder. The infiltration of immune cells,
particularly myeloid and lymphoid cells, within the synovial
membrane contributes to the chronic inflammatory environment
characteristic of OA. Despite advances in our understanding of OA
at the cellular level, spatial and transcriptional characterizations
remain incomplete. In this study, we employ cutting-edge spatial
transition tensor and intercellular flow analyses to delineate the
signals regulating immune cell infiltration in OA synovium,
providing novel insights into the spatial dynamics and signaling
mechanisms involved.

Our study successfully identifies distinct spatial domains within
the synovial membrane, highlighting the differential distribution and
transcriptional states of immune myeloid and lymphoid cells in OA
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compared to healthy controls. The spatial attractors identified in OA
synovium underscore the unique spatial homeostasis conditions of
immune infiltration, driven by key transcription factors and
differentially expressed genes. Notably, the genes OLR1, CD69, and
CMKLRI1 emerge as critical regulators of spatial homeostasis in OA,
with their expression patterns reflecting the complex interplay
between immune infiltration and tissue remodeling. Consistent with
our computational predictions, we have now experimentally validated
the expression of OLRI, CD69, and CMKLRI in OA synovial tissue
using immunofluorescence (Figure 4g), further supporting their role
in OA pathogenesis. Furthermore, we identified key transcription
factors (SPI1, MAF, NFKBI1, BCL11B, MCTP2) orchestrating
signaling networks within myeloid and lymphoid cells. These
findings highlight potential therapeutic avenues in OA. Specifically,
OLR1 and CMKLRI emerge as promising targets for directly
modulating pathogenic immune responses within the synovium (22,
33). Targeting these receptors could directly reduce myeloid cell
infiltration and inflammation. Concurrently, modulating the
identified transcription factors offers a strategy to broadly dampen
inflammatory signaling cascades within specific immune cell
populations in the OA joint. These targeted approaches, focused on
spatial and signaling dysregulation, hold the potential to complement
existing OA therapies and guide the development of novel, more
effective treatments aimed at restoring immune homeostasis and
alleviating the inflammatory burden in OA. Future research should
prioritize preclinical validation of these targets to accelerate the
translation of our findings into clinical applications.

The spatial specificity of myeloid cell infiltration, particularly
within the synovial lining and sub-synovial layers, emphasizes the
localized inflammatory responses that contribute to OA
pathogenesis. These spatial disruptions may serve as potential
biomarkers for disease severity or progression. For instance, the
enrichment of OLR1 and CMKLRI in specific synovial regions
could be leveraged to develop imaging-based diagnostic tools or
targeted therapies that modulate immune cell infiltration in
these areas.

Our analysis of signaling dynamics reveals significant
abnormalities in the spatial signaling landscape of OA synovium.
Through the construction of gene modules and identification of
ligand-receptor interactions, we uncover key regulatory modules
associated with myeloid and lymphoid cells. These findings
highlight the pivotal role of transcription factors such as SPII,
MATF, and NFKB1 in modulating inflammatory processes and tissue
degradation in OA. These results are consistent with previous
studies demonstrating the involvement of NF-kB signaling in OA
inflammation (34, 35), but our work extends these findings by
linking specific transcription factors to spatial signaling networks in
the synovium. The identification of these signaling networks offers
potential therapeutic targets for modulating immune cell signaling
and mitigating the inflammatory milieu in OA joints. For example,
targeting SPI1 or MAF could disrupt pro-inflammatory signaling
cascades, while modulating ligand-receptor interactions identified
in our study may restore immune homeostasis. These approaches
could complement existing therapies, such as anti-inflammatory
drugs or biologics, by addressing the spatial and signaling
dysregulation underlying OA pathogenesis.
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Our findings build on and expand the growing body of
literature using spatial transcriptomics and single-cell
technologies to study OA. While previous studies have
characterized immune cell populations and their transcriptional
profiles in OA synovium (22, 33), our study is among the first to
integrate spatial dynamics and signaling networks to provide a
comprehensive atlas of immune infiltration in OA. This approach
not only confirms previously identified pathways but also reveals
novel spatial and transcriptional regulators, such as OLR1 and
CD69, that may play critical roles in OA pathogenesis.

This study has several inherent limitations that warrant
acknowledgment. Firstly, the sample size, while sufficient to reveal
key trends, remains modest. Larger cohorts are needed to enhance
statistical power and fully capture the heterogeneity of OA. Secondly,
our reliance on publicly available data introduces potential limitations
from the original datasets’ quality and design, though we attempted to
mitigate batch effects computationally. Furthermore, despite
immunofluorescence validation, the absence of functional assays
directly testing the predicted roles of identified genes and pathways
remains a key limitation. Future research should prioritize functional
validation and explore these targets in larger, more diverse patient
cohorts to solidify our computational predictions and advance
translational applications.

In conclusion, our study provides a comprehensive atlas of the
spatial and signaling dynamics of immune infiltration in OA synovium,
advancing our understanding of OA pathogenesis. The identification of
key transcriptional regulators and signaling networks offers valuable
insights into potential therapeutic strategies aimed at targeting immune
cell signaling to alleviate the inflammatory burden in OA. These
findings pave the way for future research focused on the
development of targeted therapies that modulate immune infiltration
and restore joint homeostasis in OA patients. Future studies should
validate these findings in larger cohorts and explore the translational
potential of identified biomarkers and therapeutic targets in preclinical
and clinical settings.

Method
Immunofluorescence analysis

The process of bone tissue preparation involves several crucial
steps: decalcification, dehydration, rendering it transparent, wax
embedding, slicing, baking, and dewaxing. For antigen retrieval, an
enzymatic digestion method was employed, utilizing a bone tissue
antigen repair solution sourced from Solarbio, located in Beijing,
China. Subsequently, the bone tissue underwent blocking with
sheep serum (also from Solarbio) at a temperature of 25°C for a
duration of 30 minutes.Primary antibody reactions were conducted
using specific antibodies: CMKLR1 antibody [EPR26501-70],
diluted 1:50 (ab306554; Abcam), CD69 antibody [EPR25398-81],
diluted 1:50 (ab307081; Abcam), and OLR1 antibody, diluted 1:50
(11837-1-AP; Proteintech). These antibodies were incubated
overnight at a temperature of 4°C.For secondary antibody
reactions, Goat Anti-Rabbit IgG antibodies were used, diluted
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1:1000 (Alexa Fluor®488, ab150077; Alexa Fluor®647, ab150079
both from Abcam). This incubation step was carried out at 37°C for
a period of 2 hours. Nuclear labeling was achieved using
DAPLFinally, the prepared slides were mounted with an anti-
fluorescent quencher, and images were captured using an
Olympus BX53 microscope for further analysis.

scRNA-seq acquisition and preprocessing

Single-cell RNA sequencing (scRNA-seq) of osteoarthritis (OA)
and healthy synovial tissue were obtained from the Gene Expression
Omnibus (GEO) database (accession numbers: GSE216651 (33),
GSE152805 (22)). All patients provided a written informed consent.
Clinical characteristics of the patients are collected as Table 1. All
single-cell raw reads are preprocessed through Cellranger 7.0.0 (17),
featuring re-mapping against the reference human genome hg38 (36)
for acquisition of count expression matrices. Furthermore, Velocyto
(37) is employed to extract unspliced and spliced expression matrices
from the bam files of every single-cell sequencing sample.

We apply the ‘omicverse.pp.qc’ function from the Omicverse
(38) package sequentially to each sample for quality control. The
basic cellular screening criteria are automatically calculated using
Mads for every cell’s gene counts threshold, with mitochondrial genes
ration below 20%. Double-cell filtering is executed using scrublet (39)
for quality control. Furthermore, we use ‘omicverse.pp.preprocess’
on the integrated data to standardize and log-transform it. We
estimate highly variable genes employing Pearson residuals
method. The parameters are set as mode="shiftlog|pearson”,
target_sum=50*1e4, and n_HVGs=3000.

Spatial RNA-seq acquisition
and preprocessing

Spatial transcriptomics data for synovial tissue of rheumatoid
arthritis have been deposited at ImmPort (https://www.immport.org)
under study accession SDY2213. All spatial raw reads are
preprocessed through SpaceRanger 3.0.0, featuring re-mapping
against the reference human genome hg38 for acquisition of
count expression matrices.

We apply the “scanpy. pp.calculate_qc_metrics' from the Scanpy
package to calculate the metric of each spots and filtered reads lower
than 100 spots. Furthermore, we use ‘scanpy.pp.preprocess’ and
‘scanpy.pp.loglp’ on the integrated data to standardize and log-
transform it. We then estimate highly variable genes employing Prost
(40) method of ‘omicverse.space.SVG'. The parameters are set as
mode="Prost”, and n_HVGs=3000.

Batch correction and annotation
For batch effect correction, to integrate 9 synovial samples, we

utilized scVI (41) implemented via ‘omicverse.single.batch_correction®
with the following parameters: ‘methods=‘scVI", ‘n_layers=2",
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‘n_latent=30", and ‘gene_likelihood=“nb”". We chose 'n_layers=2"
and ‘n_latent=30" as they are established parameters for effective scVI-
based batch correction in scRNA-seq analyses, balancing model
complexity and computational efficiency. The ‘gene_likelihood
parameter was set to ‘"nb”" to appropriately model RNA-seq count
data using a Negative Binomial distribution.

Following this, we used the Leiden (42) algorithm based on the
low-dimensional vector X_scVI output by scVI to perform
unsupervised automatic clustering of integrated cells with a
resolution parameter set at 1.This resolution was empirically
determined to provide biologically meaningful major cell groups,
balancing cluster granularity and interpretability based on marker
gene analysis and cell type coherence. For refined sub-clustering
within specific cell types (Fibroblasts, Myeloid cells, Lymphoid cells,
and Vascular cells), Leiden clustering was re-applied, and a
resolution parameter of '1' was chosen after testing resolutions
from "0.5" to '2". A resolution of ‘1" for sub-clustering provided a
detailed yet interpretable sub-structure within these major cell
populations, avoiding over-segmentation and maintaining
biological relevance of sub-clusters based on examination of
cluster-specific marker genes using differential gene expression
analysis (*scanpy.tl.rank_genes_groups").

We then utilized *omicverse.single. GPT4Celltype" to automatically
annotate cell types for every cluster through iterative refinement over 5
rounds (43). We then applied COSG (44) to determine marker genes
for each cluster. Based on this analysis, we identified Myeloid marked
by CD163, Fibroblast by COL1A2, Endothelial by EPCAM1, SMCs by
ACTA2, and Lymphoid by IL7R, distinguishing five major types of
OA. Further subdivision was achieved by considering common
marker genes.

For cell type-aware annotation refinement, we employed
scANVI (45), building upon the pre-trained scVI model using
‘scvi.model.SCANVI.from_scvi_model'. The scANVI model was
trained for "25 epochs’ to fine-tune cell type classification within
the batch-corrected latent space. The epoch number was set
through empirical testing to achieve robust annotation while
avoiding overfitting.

Cell location of scRNA-seq

To obtain the spatial location distributions of OA and Healthy
synovial membrane separately, we utilized spatrio (46) to integrate
OA scRNA-seq data with synovial membrane ST data. This process
involved optimal transport metrics to determine the optimal spot
position for each cell across these datasets.

Furthermore, using COSG, we computed marker genes for each
spatial domain within the ST data. These marker gene expressions
were then used to compare and confirm the spatial distribution
patterns of OA versus Control synovial membrane.

To obtain the spatial location of each single cell, we first employed
the Tangram (47) algorithm from ‘omicverse.space.tangram’, using
the integrated single-cell data as a reference. This allowed us to
determine the cell proportions for every spot in the spatial
transcriptome. Subsequently, we utilized spatrio (46) to localize
individual cells within their respective positions on the spatial
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transcriptomic map. Furthermore, we using ‘omicverse.pp.cosg'’s
algorithm COSG (44), we computed marker genes for each spatial
domain within the ST data. These marker gene expressions were then
used to compare and confirm the spatial distribution patterns of OA
and Healthy synovial membrane cells.

Spatial transition tensor analysis

We implemented the STT (48), as described by Svensson et al, was
applied to characterize spatial stability and multistability in the
synovial membrane, analysis using the ‘omicverse.space.STT"
function, and trained the model using ‘STT_obj.train()* with the
following parameters: ‘n_states = 8", 'n_iter

15", ‘weight_
connectivities = 0.5", ‘n_neighbors = 50, ‘thresh_ms_gene = 0.2",
and “spa_weight =0.3". The number of attractors, 'n_states = 8, was
initialized based on the number of clusters identified by Leiden
clustering in the "STT_obj.stage_estimate()" step, serving as an
initial estimate for stable spatial states. We set 'n_iter = 15' and
‘n_neighbors = 50" to ensure sufficient iterations for robust tensor
learning and to consider a sufficiently broad local neighborhood
respectively. ‘weight_connectivities = 0.5' was used to equally weigh
spatial proximity and gene expression connectivity in the tensor
construction, balancing spatial and transcriptional dynamics. We

applied a threshold ‘thresh_ms_gene = 0.2' to filter genes for

splicing dynamics analysis, focusing on genes exhibiting active
transcriptional changes as reflected by sufficient unspliced and
spliced mRNA ratios. The spatial weight, ‘spa_weight = 0.3",
assigned a moderate weight to spatial information relative to
velocity dynamics in defining spatial attractors, reflecting the
importance of spatial context in tissue organization without
overpowering the intrinsic transcriptional dynamics captured by
RNA velocity. The terminal stages of cellular spatiotemporal
homeostasis were identified using CellRank2 (49), and the transition
probabilities for each terminal stage were computed.

Differential expression analysis

Differentially expressed genes (DEGs) between OA and healthy
groups were identified using the ‘omicverse.bulk. pyDEG" function
with the t-test. All basemean of DEGs were filtered by 0.5 and
considered significant if they had an adjusted p-value < 0.05 and a
log2 fold change > 0.25. The DEGs were further intersected with
genes identified by the spatial transition tensor (STT) algorithm to
determine those associated with spatial homeostasis disruption.

Visualization and statistical analysis

Data visualization was conducted using Matplotlib and Seaborn
packages in Python. Violin plots, dot plots, and heatmaps were used
to display gene expression and cell type proportions. Statistical
analyses were performed using Python, with p-values adjusted for
multiple testing using the Benjamini-Hochberg method. Log2 fold
changes were calculated to quantify differences in cell type
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proportions and gene expression levels between conditions. For
quantitative data, the Kolmogorov-Smirnov test (o0 = 0.05) was
performed to assess normality. If the data followed a normal
distribution, Levene's test (o0 = 0.05) was subsequently applied to
evaluate homogeneity of variances between groups. Data
conforming to both normality and homogeneity of variance
assumptions were expressed as mean + standard deviation (SD).
Comparisons between two groups were analyzed using a two-tailed
unpaired Student's t-test. For data violating normality or variance
homogeneity assumptions, non-parametric tests (e.g., Mann-
Whitney U test) were employed.

Spatial mapping and domain identification

Spatial transcriptomics data were processed using the STAGATE
algorithm® to identify spatial domains within the synovial tissue.
Spatial clusters were annotated based on hematoxylin and eosin
(HE) staining and the expression of region-specific markers. To
assign spatial coordinates to single cells, we employed a
deconvolution approach combined with optimal transport theory.

Cell-cell communication analysis

We used the COMMOT algorithm to infer cell-cell
communication (CCC) pathways in the spatial transcriptomics
data (50). COMMOT considers spatial distances and the
competition between different ligand-receptor species to identify
spatially constrained CCC pathways. The inferred ligand-receptor
interactions were visualized using network diagrams.

Signaling analysis

FlowSig was used to analyze intracellular signaling pathways
driven by the identified CCC pathways (51). FlowSig employs
graphical causal modeling and conditional independence to infer
communication-driven intercellular flows. This analysis allowed us
to identify key signaling molecules and pathways involved in
myeloid and lymphoid cell infiltration in OA. The interaction of
genes were calculated by String-DB (52).

Differential expression analysis

Differential expression (DE) analysis was performed using the
Scanpy’s rank_genes_groups function, which implements the
Wilcoxon rank-sum test. DE genes were identified between OA
and healthy synovium, with significance thresholds set at adjusted
p-value < 0.05 and log2 fold change (log2FC) > 0.25.

Gene ontology enrichment analysis
Gene ontology (GO) enrichment analysis was conducted using

the GSEApy tool (53). Enriched GO terms were identified for gene
expression modules (GEMs) associated with spatial attractors and
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DE genes, highlighting biological processes relevant to
OA pathogenesis.

Data availability statement

Publicly available datasets were analyzed in this study. This data can
be found here: scRNA-seq Acquisition and PreprocessingSingle-cell
RNA sequencing (scRNA-seq) of osteoarthritis (OA) and healthy
synovial tissue were obtained from the Gene Expression Omnibus
(GEO) database [accession numbers: GSE216651 (33), GSE152805 (22)].

Ethic Statements

The studies involving humans were approved by The Research
Ethics Committee of the Affiliated Hospital of Guizhou Medical
University. The studies were conducted in accordance with the local
legislation and institutional requirements(Approval Number: 2023-907).
All patients provided a written informed consent. Clinical characteristics
of the patients are collected as Table 1.

Author contributions

CW: Writing - original draft, Conceptualization, Data curation,
Funding acquisition. ZZ: Writing - original draft, Software,
Methodology. TW: Writing - review & editing, Investigation,
Visualization. ZX: Writing - review & editing, Resources. JZ:
Writing - review & editing, Formal analysis. WD: Writing — review
& editing, Validation. FZ: Funding acquisition, Writing — review &
editing. WP: Supervision, Validation, Project administration, Writing
- review & editing.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This study were funded
by the Science foundation of Guizhou Provincial Health
Commission (gzwkj2023-177) and the Cultivation Project of
National Natural Science Foundation of Guizhou Medical
University (Grant No. 21NSFCP08). Discipline Outstanding
Reserve Talent Program of the Affiliated Hospital of Guizhou
Medical University (Grant No. gyfyxkrc-2023-07). Cultivation
Project of NSFC General Program of the Affiliated Hospital of
Guizhou Medical University (Grant No. gyfynsfc[2023]-02).

Conflict of interest

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

frontiersin.org


https://doi.org/10.3389/fimmu.2025.1521038
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.

Generative Al statement

The author(s) declare that no Generative Al was used in the
creation of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,

References

1. Hunter DJ, Bierma-Zeinstra S. Osteoarthritis. Lancet. (2019) 393:1745-59.
doi: 10.1016/S0140-6736(19)30417-9

2. Zhou S, Zhao G, Chen R, Li Y, Huang ], Kuang L, et al. Lymphatic vessels: roles
and potential therapeutic intervention in rheumatoid arthritis and osteoarthritis.
Theranostics. (2024) 14:265-82. doi: 10.7150/thno.90940

3. Housmans B, van den Akker G, Surtel D, Cremers A, van Rhijn L, Welting T. OA
synovial fluid induces proliferation and dedifferentiation of non-OA human articular
chondrocytes. Osteoarthritis Cartilage. (2020) 28:595-6. doi: 10.1016/j.joca.2020.02.147

4. Vincent T. OA synovial fluid: biological insights into a whole-joint disease.
Osteoarthritis Cartilage. (2022) 30:765-6. doi: 10.1016/j.joca.2022.02.618

5. Nouri S, Hamidzada H, Barazandeh A, Ziyaeyan A, Rasti M, Epelman S, et al. To
understand the dichotomy between synovial resident macrophages and infiltrating
monocytes in Oa progression. Osteoarthritis Cartilage. (2023) 31:5325. doi: 10.1016/
jjoca.2023.01.353

6. Scanzello CR, Goldring SR. The role of synovitis in osteoarthritis pathogenesis.
Bone. (2012) 51:249-57. doi: 10.1016/j.bone.2012.02.012

7. Xue C, Tian J, Cui Z, Liu Y, Sun D, Xiong M, et al. Reactive oxygen species (ROS)-
mediated M1 macrophage-dependent nanomedicine remodels inflammatory
microenvironment for osteoarthritis recession. Bioactive Materials. (2024) 33:545-61.
doi: 10.1016/j.bioactmat.2023.10.032

8. Liu B, Xian Y, Chen X, Shi Y, Dong J, Yang L, et al. Inflammatory fibroblast-like
synoviocyte-derived exosomes aggravate osteoarthritis via enhancing macrophage
glycolysis. Advanced Sci. (2024) 11:2307338. doi: 10.1002/advs.202307338

9. Barksby H, Hui W, Wappler I, Peters H, Milner J, Richards C, et al. Interleukin-1
in combination with oncostatin M up-regulates multiple genes in chondrocytes:
implications for cartilage destruction and repair. Arthritis Rheumatism. (2006)
54:540-50. doi: 10.1002/art.21574

10. Zhang L, Kirkwood CL, Sohn J, Lau A, Bayers-Thering M, Bali SK, et al.
Expansion of myeloid-derived suppressor cells contributes to metabolic osteoarthritis
through subchondral bone remodeling. Arthritis Res Ther. (2021) 23:1-11.
doi: 10.1186/s13075-021-02663-z

11. Sanchez-Lopez E, Coras R, Torres A, Lane NE, Guma M. Synovial inflammation
in osteoarthritis progression. Nat Rev Rheumatol. (2022) 18:258-75. doi: 10.1038/
541584-022-00749-9

12. Swahn H, Duffy T, Li K, Mondala T, Natarajan P, Head S, et al. Integrative Scrna-
Seq analyses of human articular cartilage and meniscus reveal A pathogenic, senescent
subpopulation that is expanded in osteoarthritis, shared between both tissues, and has
critical roles in extracellular matrix properties and tenascin signaling. Osteoarthritis
Cartilage. (2022) 30:548-9. doi: 10.1016/j.joca.2022.02.053

13. Stuart T, Satija R. Integrative single-cell analysis. Nat Rev Genet. (2019) 20:257—
72. doi: 10.1038/s41576-019-0093-7

14. Rao A, Barkley D, Franga GS, Yanai I. Exploring tissue architecture using spatial
transcriptomics. Nature. (2021) 596:211-20. doi: 10.1038/s41586-021-03634-9

15. Ji Q, Zheng Y, Zhang G, Hu Y, Fan X, Hou Y, et al. Single-cell RNA-seq analysis
reveals the progression of human osteoarthritis. Ann rheumatic Dis. (2019) 78:100-10.
doi: 10.1136/annrheumdis-2017-212863

16. Tirosh I, Suva ML. Deciphering human tumor biology by single-cell expression
profiling. Annu Rev Cancer Biol. (2019) 3:151-66. doi: 10.1146/annurev-cancerbio-
030518-055609

17. Zheng GX, Terry JM, Belgrader P, Ryvkin P, Bent ZW, Wilson R, et al. Massively
parallel digital transcriptional profiling of single cells. Nat Commun. (2017) 8:14049.
doi: 10.1038/ncomms14049

18. Smith MH, Gao VR, Periyakoil PK, Kochen A, DiCarlo EF, Goodman SM, et al.

Drivers of heterogeneity in synovial fibroblasts in rheumatoid arthritis. Nat Immunol.
(2023) 24:1200-10. doi: 10.1038/s41590-023-01527-9

Frontiers in Immunology

13

10.3389/fimmu.2025.1521038

or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fimmu.2025.
1521038/full#supplementary-material

19. Zhou P, Bocci F, Li T, Nie Q. Spatial transition tensor of single cells. Nat
Methods. (2024) 21:1053-62. doi: 10.1038/s41592-024-02266-x

20. Zheng Y, Fang M, Sanan S, Meng X-H, Huang J-F, Qian Y. Investigating
angiogenesis-related biomarkers in osteoarthritis patients through transcriptomic
profiling. J Inflammation Res. (2024) 17:10681-97. doi: 10.2147/JIR.S493889

21. Choi W-S, Lee G, Song W-H, Koh J-T, Yang J, Kwak J-S, et al. The CH25H-
CYP7B1-RORa axis of cholesterol metabolism regulates osteoarthritis. Nature. (2019)
566:254-8. doi: 10.1038/s41586-019-0920-1

22. Chou C-H, Jain V, Gibson ], Attarian DE, Haraden CA, Yohn CB, et al. Synovial
cell cross-talk with cartilage plays a major role in the pathogenesis of osteoarthritis. Sci
Rep. (2020) 10:10868. doi: 10.1038/s41598-020-67730-y

23. Feldt J, Donaubauer A-J, Welss J, Schneider U, Gaipl US, Paulsen F. Anti-
inflammatory effects of an autologous gold-based serum therapy in osteoarthritis
patients. Sci Rep. (2022) 12:3560. doi: 10.1038/s41598-022-07187-3

24. Yamada H, Nakashima Y, Okazaki KEN, Mawatari T, Fukushi J-I, Oyamada A,
et al. Preferential accumulation of activated thl cells not only in rheumatoid arthritis
but also in osteoarthritis joints. J Rheumatol. (2011) 38:1569. doi: 10.3899/
jrheum.101355

25. Sakkas Lazaros I, Scanzello C, Johanson N, Burkholder J, Mitra A, Salgame P,
et al. and T-cell cytokine transcripts in the synovial membrane in patients with
osteoarthritis. Clin Diagn Lab Immunol. (1998) 5:430-7. doi: 10.1128/CDLI.5.4.430-
437.1998

26. Wang T, Wang J, Sun T, Zhang R, Li Y, Hu T. PU. 1 regulates osteoarthritis
progression via CSFIR in synovial cells. Biochim Biophys Acta (BBA)-Molecular Basis
Dis. (2025) 1871:167525. doi: 10.1016/j.bbadis.2024.167525

27. Gautier EL, Shay T, Miller J, Greter M, Jakubzick C, Ivanov S, et al. Gene-
expression profiles and transcriptional regulatory pathways that underlie the identity
and diversity of mouse tissue macrophages. Nat Immunol. (2012) 13:1118-28.
doi: 10.1038/ni.2419

28. LiT, Xiao J, Wu Z, Qiu G, Ding Y. Transcriptional activation of human MMP-13
gene expression by c-Maf in osteoarthritic chondrocyte. Connective Tissue Res. (2010)
51:48-54. doi: 10.3109/03008200902989104

29. Rigoglou S, Papavassiliou AG. The NF-kB signalling pathway in osteoarthritis.
Int ] Biochem Cell Biol. (2013) 45:2580-4. doi: 10.1016/j.biocel.2013.08.018

30. Johansson P, Laguna T, Ossowski ], Pancaldi V, Brauser M, Diihrsen U, et al.
Epigenome-wide analysis of T-cell large granular lymphocytic leukemia identifies
BCL11B as a potential biomarker. Clin Epigenet. (2022) 14:148. doi: 10.1186/s13148-
022-01362-z

31. Zheng C-Q, Zeng L-], Liu Z-H, Miao C-F, Yao L-Y, Song H-T, et al. Insights into
the roles of natural killer cells in osteoarthritis. Immunol Investigations. (2024), 1-22.
doi: 10.1080/08820139.2024.2337025

32. Bernardini G, Benigni G, Scrivo R, Valesini G, Santoni A. The multifunctional
role of the chemokine system in arthritogenic processes. Curr Rheumatol Rep. (2017)
19:1-14. doi: 10.1007/s11926-017-0635-y

33. Tang S, Yao L, Ruan J, Kang ], Cao Y, Nie X, et al. Single-cell atlas of human
infrapatellar fat pad and synovium implicates APOE signaling in osteoarthritis
pathology. Sci Transl Med. (2024) 16:eadf4590. doi: 10.1126/scitranslmed.adf4590

34. Lepetsos P, Papavassiliou KA, Papavassiliou AG. Redox and NF-«B signaling in
osteoarthritis. Free Radical Biol Med. (2019) 132:90-100. doi: 10.1016/
j.freeradbiomed.2018.09.025

35. Roman-Blas J, Jimenez S. NF-xB as a potential therapeutic target in
osteoarthritis and rheumatoid arthritis. Osteoarthritis cartilage. (2006) 14:839-48.
doi: 10.1016/j.joca.2006.04.008

36. G.P. Consortium. A global reference for human genetic variation. Nature. (2015)
526:68. doi: 10.1038/nature15393

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2025.1521038/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2025.1521038/full#supplementary-material
https://doi.org/10.1016/S0140-6736(19)30417-9
https://doi.org/10.7150/thno.90940
https://doi.org/10.1016/j.joca.2020.02.147
https://doi.org/10.1016/j.joca.2022.02.618
https://doi.org/10.1016/j.joca.2023.01.353
https://doi.org/10.1016/j.joca.2023.01.353
https://doi.org/10.1016/j.bone.2012.02.012
https://doi.org/10.1016/j.bioactmat.2023.10.032
https://doi.org/10.1002/advs.202307338
https://doi.org/10.1002/art.21574
https://doi.org/10.1186/s13075-021-02663-z
https://doi.org/10.1038/s41584-022-00749-9
https://doi.org/10.1038/s41584-022-00749-9
https://doi.org/10.1016/j.joca.2022.02.053
https://doi.org/10.1038/s41576-019-0093-7
https://doi.org/10.1038/s41586-021-03634-9
https://doi.org/10.1136/annrheumdis-2017-212863
https://doi.org/10.1146/annurev-cancerbio-030518-055609
https://doi.org/10.1146/annurev-cancerbio-030518-055609
https://doi.org/10.1038/ncomms14049
https://doi.org/10.1038/s41590-023-01527-9
https://doi.org/10.1038/s41592-024-02266-x
https://doi.org/10.2147/JIR.S493889
https://doi.org/10.1038/s41586-019-0920-1
https://doi.org/10.1038/s41598-020-67730-y
https://doi.org/10.1038/s41598-022-07187-3
https://doi.org/10.3899/jrheum.101355
https://doi.org/10.3899/jrheum.101355
https://doi.org/10.1128/CDLI.5.4.430-437.1998
https://doi.org/10.1128/CDLI.5.4.430-437.1998
https://doi.org/10.1016/j.bbadis.2024.167525
https://doi.org/10.1038/ni.2419
https://doi.org/10.3109/03008200902989104
https://doi.org/10.1016/j.biocel.2013.08.018
https://doi.org/10.1186/s13148-022-01362-z
https://doi.org/10.1186/s13148-022-01362-z
https://doi.org/10.1080/08820139.2024.2337025
https://doi.org/10.1007/s11926-017-0635-y
https://doi.org/10.1126/scitranslmed.adf4590
https://doi.org/10.1016/j.freeradbiomed.2018.09.025
https://doi.org/10.1016/j.freeradbiomed.2018.09.025
https://doi.org/10.1016/j.joca.2006.04.008
https://doi.org/10.1038/nature15393
https://doi.org/10.3389/fimmu.2025.1521038
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.

37. La Manno G, Soldatov R, Zeisel A, Braun E, Hochgerner H, Petukhov V, et al.
RNA velocity of single cells. Nature. (2018) 560:494-8. doi: 10.1038/541586-018-0414-6

38. Zeng Z, Ma Y, Hu L, Tan B, Liu P, Wang Y, et al. OmicVerse: a framework for
bridging and deepening insights across bulk and single-cell sequencing. Nat Commun.
(2024) 15:5983. doi: 10.1038/s41467-024-50194-3

39. Wolock SL, Lopez R, Klein AM. Scrublet: computational identification of cell
doublets in single-cell transcriptomic data. Cell Syst. (2019) 8:281-91. doi: 10.1016/
j.cels.2018.11.005

40. Liang Y, Shi G, Cai R, Yuan Y, Xie Z, Yu L, et al. PROST: quantitative
identification of spatially variable genes and domain detection in spatial
transcriptomics. Nat Commun. (2024) 15:600. doi: 10.1038/s41467-024-44835-w

41. Gayoso A, Lopez R, Xing G, Boyeau P, Valiollah Pour Amiri V, Hong J, et al. A
Python library for probabilistic analysis of single-cell omics data. Nat Biotechnol. (2022)
40:163-6. doi: 10.1038/s41587-021-01206-w

42. Traag VA, Waltman L, Van Eck NJ. From Louvain to Leiden: guaranteeing well-
connected communities. Sci Rep. (2019) 9:1-12. doi: 10.1038/541598-019-41695-z

43. Hou W, Ji Z. Assessing GPT-4 for cell type annotation in single-cell RNA-seq
analysis. Nat Methods. (2024) 21:1462-5. doi: 10.1038/s41592-024-02235-4

44. Dai M, Pei X, Wang X-J. Accurate and fast cell marker gene identification with
COSG. Briefings Bioinf. (2022) 23:bbab579. doi: 10.1093/bib/bbab579

45. Xu C, Lopez R, Mehlman E, Regier J, Jordan MI, Yosef N. Probabilistic
harmonization and annotation of single-cell transcriptomics data with deep
generative models. Mol Syst Biol. (2021) 17:¢9620. doi: 10.15252/msb.20209620

Frontiers in Immunology

14

10.3389/fimmu.2025.1521038

46. Yang P, Jin L, Liao J, Jin K, Shao X, Li C, et al. Revealing spatial multimodal
heterogeneity in tissues with SpaTrio. Cell Genomics. (2023) 3:100446. doi: 10.1016/
j-xgen.2023.100446

47. Biancalani T, Scalia G, Buffoni L, Avasthi R, Lu Z, Sanger A, et al. Deep learning
and alignment of spatially resolved single-cell transcriptomes with Tangram. Nat
Methods. (2021) 18:1352-62. doi: 10.1038/s41592-021-01264-7

48. Zhou P, Bocci F, Li T, Nie Q. Spatial transition tensor of single cells. Nat
Methods. (2024), 1-10. doi: 10.1038/s41592-024-02266-x

49. Lange M, Bergen V, Klein M, Setty M, Reuter B, Bakhti M, et al. CellRank for directed
single-cell fate mapping. Nat Methods. (2022) 19:159-70. doi: 10.1038/s41592-021-01346-6

50. CangZ, Zhao Y, Almet AA, Stabell A, Ramos R, Plikus MV, et al. Screening cell-
cell communication in spatial transcriptomics via collective optimal transport. Nat
Methods. (2023) 20:218-28. doi: 10.1038/s41592-022-01728-4

51. Almet AA, Tsai Y-C, Watanabe M, Nie Q. Inferring pattern-driving intercellular
flows from single-cell and spatial transcriptomics. Nat Methods. (2024) 21:1806-17.
doi: 10.1038/541592-024-02380-w

52. Szklarczyk D, Gable AL, Nastou KC, Lyon D, Kirsch R, Pyysalo S, et al. The
STRING database in 2021: customizable protein-protein networks, and functional
characterization of user-uploaded gene/measurement sets. Nucleic Acids Res. (2021) 49:
D605-12. doi: 10.1093/nar/gkaal074

53. Fang Z, Liu X, Peltz G. GSEApy: a comprehensive package for performing gene
set enrichment analysis in Python. Bioinformatics. (2023) 39:btac757. doi: 10.1093/
bioinformatics/btac757

frontiersin.org


https://doi.org/10.1038/s41586-018-0414-6
https://doi.org/10.1038/s41467-024-50194-3
https://doi.org/10.1016/j.cels.2018.11.005
https://doi.org/10.1016/j.cels.2018.11.005
https://doi.org/10.1038/s41467-024-44835-w
https://doi.org/10.1038/s41587-021-01206-w
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1038/s41592-024-02235-4
https://doi.org/10.1093/bib/bbab579
https://doi.org/10.15252/msb.20209620
https://doi.org/10.1016/j.xgen.2023.100446
https://doi.org/10.1016/j.xgen.2023.100446
https://doi.org/10.1038/s41592-021-01264-7
https://doi.org/10.1038/s41592-024-02266-x
https://doi.org/10.1038/s41592-021-01346-6
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1038/s41592-024-02380-w
https://doi.org/10.1093/nar/gkaa1074
https://doi.org/10.1093/bioinformatics/btac757
https://doi.org/10.1093/bioinformatics/btac757
https://doi.org/10.3389/fimmu.2025.1521038
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Unraveling the spatial and signaling dynamics and splicing kinetics of immune infiltration in osteoarthritis synovium
	Introduction
	Result
	Single-cell atlas reveals cellular heterogeneity in osteoarthritis synovium
	Spatial domains define distinct microenvironments in osteoarthritis synovium
	Spatial attractors reveal disrupted immune homeostasis in osteoarthritis synovium
	Dysregulated ligand-receptor interactions in osteoarthritis synovial signaling

	Discussion
	Method
	Immunofluorescence analysis
	scRNA-seq acquisition and preprocessing
	Spatial RNA-seq acquisition and preprocessing
	Batch correction and annotation
	Cell location of scRNA-seq
	Spatial transition tensor analysis
	Differential expression analysis
	Visualization and statistical analysis
	Spatial mapping and domain identification
	Cell-cell communication analysis
	Signaling analysis
	Differential expression analysis
	Gene ontology enrichment analysis

	Data availability statement
	Ethic Statements
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


