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Abstract

Objectives: To reveal the heterogeneity of different cell types of osteoarthritis (OA) synovial
tissues at a single-cell resolution, and determine by novel methodology whether bulk-RNA-seq
data could be deconvoluted to create /in silico SCRNA-seq data for synovial tissue analyses.

Methods: OA scRNA-seq data (102,077 synoviocytes) were provided by 17 patients undergoing
total knee arthroplasty; 9 tissues with matched scRNA-seq and bulk RNA-seq data were used to
evaluate six /n silico gene deconvolution tools. Predicted and observed cell types and proportions
were compared to identify the best deconvolution tool for synovium.

Results: We identified seven distinct cell types in OA synovial tissues. Gene deconvolution
identified three (of six) platforms as suitable for extrapolating cellular gene expression from
bulk RNA-seq data. Using paired sScRNA-seq and bulk RNA-seq data, an “arthritis” specific
signature matrix was created and validated to have a significantly better predictive performance
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for synoviocytes than a default signature matrix. Use of the machine learning tool, Cell-type
Identification By Estimating Relative Subsets of RNA Transcripts x (CIBERSORTX), to analyze
rheumatoid arthritis (RA) and OA bulk RNA-seq data yielded proportions of T cells and
fibroblasts that were similar to the gold standard observations from RA and OA scRNA-seq data,
respectively.

Conclusion: This novel study revealed heterogeneity of synovial cell types in OA and the
feasibility of gene deconvolution for synovial tissue.
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Introduction

Methods

Results

Osteoarthritis (OA) is a leading cause of joint pain, disability and health-care costs
worldwidel. Nowadays, synovitis has been recognized to play an important role in the
pathogenesis of OA2. Though many studies have shown that different cell populations,
including synovial fibroblasts® 4 and immune cells® © play critical roles in OA, it is still
not clear which cell types drive the pathogenesis. Considering that synovium is a highly
heterogenous tissue, single-cell analyses provide great advantages over bulk RNA-seq and
facilitate exploration of the unique synovial cell heterogeneities of OA.

The current study performed a comparative analysis of bulk and single cell RNA-seq of
paired samples to evaluate the ability of six different /in silico gene deconvolution algorithms
to extract simulated single-cell level data from bulk RNA data. The cellular heterogeneity of
OA synovium was revealed and a specific signature was generated and validated by publicly
available datasets.

See Supplementary Methods.

Cell-types identified in OA synovia

We profiled 93,208 synovial cells from a total of fourteen individuals with knee OA.
Unsupervised clustering with the top 2,000 variable genes revealed great heterogeneity

of cell types. Seven distinct cell populations (Figure 1A) were confidently identified on

the basis of differentially expressed genes within each cluster (Supplementary Table S1),
including (from most to least relative abundance): fibroblasts (59%), antigen presenting cells
(APCs) (13.6%), T cells (11.4%), endothelial cells (ECs) (10%), mural cells (3%), B cells
(1.8%) and mast cells (1%). The distinct nature of each major cell type was demonstrated by
a representative gene (Figure 1B) and the top 5 genes expressed by each cluster (Figure 1C).

Of the general cell types, we identified a substantial number of T cells, more than reported in
our previous study (Supplementary Table S2)7. Cell subtype analysis revealed the presence
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of both CD4* and CD8" T cells (Supplementary Figures SIA&B). Seven different sub-types
of CD4™ T cells were identified: activated (5.95%), memory (24.6%), naive (36.4%), T
helper 1 cells (Th1) (23.1%), T helper 2 cells (Th2) (1.20%), T helper 17 cells (Th17)
(2.00%) and regulatory T cells (Treg) (6.76%) (Supplementary Figure S1A). Five distinct
sub-cluster of CD8* T cells were identified: cytotoxic (19.3%), naive (16.0%), natural

killer cells (NK) (4.99%), proliferating (5.14%), and effector memory T cells (TEM)
(54.6%) (Supplementary Figure S1B). The top 5 genes for each sub-type demonstrated

their distinctly different nature (Supplementary Figures SIC&D; Supplementary Tables
S3&4). Of note, in Th17 cell sub-type, /L-17was not identified, but several Th17 cell
differentiation-related genes (FCER1G, KLRBI1, AHR, GATA3, HLA-DRA, IL1R1, IL23R,
IL2RA, NFKB1 and NFKBIA) were enriched (Supplementary Figure S1D; Supplementary
Table S4). In the trajectory analysis of CD4* T cells, naive CD4* T cells were mainly
located on the right side of branch 2 while activated CD4"* T cells and Tregs were mostly
located on the left side of branch 3 (Supplementary Figure S1E). Pseudotime analysis
revealed that /L-2and /L17A were highly expressed at the starting point while mature CD4*
T cell-related genes (GATAS3, IL4R, FOXP3, IL2IR, TBX21and /L12RBI) were highly
expressed at the end point (Supplementary Figure S1G). Trajectory analysis of CD8* T
cells revealed that proliferating CD8" T cells were mostly allocated at the up-left branch of
node 3, well separated from the other sub-types (Supplementary Figure S1F). Pseudotime
analysis showed that, at the root node, proliferating CD8* T cells highly expressed cell
proliferation-related genes C7LA4and /F/27. Along with the pseudotime, the cytotoxic
CD8* T cells (higher expression of GZMB, NKG?7) were located in the middle. More
memory-related genes (CCL5, IL7R, TCF7) were highly expressed at the ending point
(Supplementary Figure S1H).

Cell-type specific analysis of APCs revealed four unique cell subtypes, namely

transitional macrophages (T-M¢) (4.89%), fibrotic immune regulated macrophages
(Fibrotic IR-Mg) (9.12%), interferon stimulated macrophages (IFNS-Mg) (3.61%) and
S100A8/9" macrophages (S100A8/9M-Mg) (4.86%) (Supplementary Figure S2A). Both
proinflammatory (CCL3, CCL3L1) and inflammation resolving genes (/GF1, MRCI) were
expressed in T-Mg (Supplementary Figure S2B; Supplementary Table S5). Trajectory
analysis showed that T-M¢s were equally distributed in each branch, further confirming that
this unique subtype represents a transitional group of macrophages between inflammatory
(I-M¢) and immune regulated macrophages (IR-Mg) (Supplementary Figure S2C). Fibrosis-
related genes (FNZ, SPP1)8: 2 were highly expressed in fibrotic IR-Mg. Interferon-

induced genes (EPST/1, STATI1, MX1, IFI44L, 1SG15)'0 were highly expressed in IFNS-
Mg, suggesting functions related to inflammation. Genes associated with scavenging

of cell (SERPINBZ, CD52) and protein fragments (S100A8, S100A9) were highly
expressed in S100A8/9M-Mgs suggesting functions related to autodebridement (“cleanup”)
(Supplementary Figure S2B; Supplementary Table S5). Trajectory analysis suggested that
dendritic cells (DCs), IFNS-Mgs and S100A8/9M-Mgs were related to inflammation as
they were located after branches 2 and 3, similar to I-Mg. Fibrotic IR-Mgs were enriched
after branch 4, suggesting functions related to immune regulation (Supplementary Figure
S2C). Pseudotime analysis revealed that inflammation-related genes such as /L6, /L 1A,
IL1B, TLR2and TNFwere related to I-Mgs (Supplementary Figure S2D). Inflammation
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resolving genes (FGCR3A, CD163, MRCJI) were highly expressed in relation to IR-Mgs
(Supplementary Figure S2D).

Comparison of in silico gene deconvolution algorithms

Using the nine paired bulk RNA-seq and scRNA-seq datasets from nine knee OA patients,
we investigated six platforms for deconvolution of bulk RNA-seq into simulated single

cell data with default parameter settings (Figure 2A). We observed better correlations of
bulk RNA-seq and scRNA-seq data with MCP-counter, QUANTISQ and CIBERSORT

than EPIC, TIMER and XCELL (Figure 2B&C). Due to the ability to customize signature
matrices with CIBERSORTx and MCP-counter, we chose these two platforms to optimize
matching between /n silico predicted and measured scRNA-seq data (Supplementary Data

1 for CIBERSORTX and Supplementary Data 2 for MCP-counter). Based on Pearson’s
Correlation Coefficients (PCCs), customization significantly improved (p=0.049) the overall
correlation of predicted to actual SCRNA-seq data in CIBERSORTx: PCC 0.58 (95%
confidence interval (CI) [0.30~0.76]) using LM22 (CIBERSORTX default); PCC 0.77 (95%
CI [0.72~0.89]) using a customized signature matrix with PCC>0.70 for eight of nine
individual cases (Figure 2D&E). No improvement of PCC was observed in MCP-counter
(Supplementary Figure S3A), but seven of nine individual cases had PCC>0.70 using

the MCP-counter-based customized signature matrix (Supplementary Figure S3B). A low
prediction accuracy in Case 3 appeared to be caused by less gene coverage from scRNA-seq,
i.e, median genes per cell 1,820 in contrast to >2,000 for other cases. In addition, no
significant differences were observed in predicted vs measured cell composition in each case
(Figure 2F; Supplementary Figure S3C).

Validation of customized CIBERSORTX signature matrix for synovial bulk RNA-seq
deconvolution

To further validate the customized CIBERSORTx-based deconvolution signature matrix,

we predicted cell compositions of OA and RA synovia from one large publicly available
bulk expression dataset (GSE89408); this was compared to results based on SCRNA-seq
derived cell compositions (Supplementary Figure S4A). Based on the predicted data, RA
synovium had significantly higher proportions of B cells (10.30+£13.13% vs. 1.00+1.88%,
p<0.001), T cells (0.13+0.65% vs. 0.00+0.00%, p=0.019) and endothelial cells (6.84+5.52%
vs. 4.63+3.19%, p=0.009) but fewer fibroblasts (52.47+16.36% vs. 61.77+£13.56%, £=0.006)
than OA synovium. Based on measured scRNA-seq, RA synovium has significantly higher
proportions of T cells (26.70+5.96% vs. 10.87+£10.27%, p=0.001), B cells (3.85+0.95%

vs. 1.82+2.08%, p=0.007) and fewer mural cells (1.07+0.63% vs. 3.6£3.2%, £=0.006)
compared to OA synovium (Supplementary Figure S4B). The relative abundance of
fibroblasts (p=0.053, higher in OA) was consistent between predicted and measured
scRNA-seq results (Supplementary Figure S4B and Supplementary Table S6). Applying the
customized MCP-counter-based deconvolution signature matrix to the same RA validation
dataset, only 3 of 7 cell types in the SCRNA-seq data were identified (Supplementary Figure
S4B).
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Discussion

Higher proportions of T cells were identified in the current study compared to the previous
one’. However, our finding is consistent with prior results analyzing OA synovium by

flow cytometryL. T cell mediated inflammation has been considered of less importance
than macrophages mediated inflammation in OA pathogenesis. However, emerging evidence
shows that certain subtypes of T cells may play an important role in OA. CD8* T cell
knockout mice have slower OA progression12, We also found Th17 cells in our OA
synovium, consistent with Faust et al.’s finding?3. These results support a role of T cells

in OA pathogenesis. To avoid affecting cell phenotyping, we did not simultaneously stain
with CITE-seq antibodies, therefore these results warrant further confirmation by single
T-cell receptor sequencing.

Deconvolution of bulk tissue RNA to yield cell composition information has the potential

to contribute to a greater understanding of the pathogenesis of multiple diseases'4. Methods
like fluorescence-activated cell sorting (FACS) or immunohistochemical (IHC) staining were
used in the past as the gold standard to estimate cell compositions within a samplel®.
However, both have their own technical limitations and might not be generally applicable.
FACS requires a relatively large amount of tissue and IHC provides an estimate from a
single tissue slice, which may not be representative of the heterogenous tissue architecture.
Both methods can interrogate only a relatively small number of cell-type-specific markers

at one time. More recently, sScRNA-seq has come into vogue to characterize cell types and
states; yet for the time being, it remains too expensive and laborious for routine use. Thus,
the /n silico gene deconvolution technique, utilizing machine learning based algorithms to
establish models to predict cell proportions from bulk expression data, was introduced in

the field!® and widely used on tumor tissue in cancer research!4. However, this method has
not been validated in synovial tissue, though several studies have applied it in arthritisl’.
Consistent with our findings, a previous study® that deconvoluted publicly available OA and
RA synovial bulk RNAseq data by CIBERSORT, found a high proportion of T and B cells in
RA compared to OA synovial tissues.

To determine if this novel method is suitable for synovial tissue, we used our paired bulk
RNA-seq and scRNA-seq data to evaluate six of the most widely used in silico gene
deconvolution tools. CIBERSORT, MCP-counter and QUANTISEQ provided satisfactory
predictions, suggesting that their default signature matrices can be used to profile cell
proportions in synovium. More importantly, using our annotated single-cell transcriptomic
data, we generated a “synovium”-specific customized signature matrix for CIBERSORTX,
which provided a significantly more accurate estimation of cell composition in synovial
samples than what was achievable with the CIBERSORTXx default signature matrix (LM22).
CIBERSORTX analysis of publicly available OA and RA bulk RNA-seq data yielded
proportions of T cells, B cells, APCs, mast cells, mural cells and fibroblasts that were
similar to the gold standard yielded from OA and RA scRNA-seq data. There are several
possible reasons we did not observe similar results for endothelial cells. First, we had a
limited sample size (n=5 for RA synovia, n=17 for OA synovia) with which to generate /n
silico scRNA-seq data; this might decrease the statistical power, especially for minority cell
types. However, this also suggests a strength of using /n silico gene deconvolution, namely
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the affordability of bulk RNA-seq makes it feasible to analyze larger sample sizes, which
might reveal more meaningful insights, especially for less abundant cell types, in contrast
to ScCRNA-seq that typically involves relatively small sample sizes due to cost. Second,
predicted sScCRNA-seq cell compositions were generated from publicly available data; the
batch effect between bulk expression and the scCRNA expression might affect the prediction
results. Third, single-cell dissociation efficiencies of measured scRNA-seq might influence
the results of cell type proportions, which could influence the outcomes?®.

Conclusion

In summary, using scRNA-seq, we identified seven distinct cell types in OA synovia
including unique clusters of APCs and T cells indicating their potential roles in OA
pathogenesis. In addition, we identified three tools suitable for /n silico gene deconvolution
of synovial tissue. Moreover, we generated the first “synovium”-specific deconvolution
signature matrix for CIBERSORTX, which can produce more accurate predictions of cell
compositions of arthritis-related synovial tissue compared to the use of the default signature
matrix of the software. This work has establishes a roadmap to computational cell-type
deconvolution suitable for bulk RNA-seq data and provides a successful and stringent proof
of this concept applied to analyses of arthritic synovia with high cellular heterogeneity.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Single-cell transcriptomic cell atlas of human OA synovium.
(A) UMAP plot of scRNA-seq showed unsupervised clusters colored according to putative

cell types among a total of 93,208 cells in OA synovium. 59%, 13.6%, 11.4%, 10%, 3%,
1.8% and 1% of total acquired cells were fibroblast, APC cells, T cells, endothelial cells,
mural cells, B cells and mast cells. (B) Expression of the selected top marker genes for
each cell type is shown in UMAP plots. (C) Expression level of the top 5 feature genes in
seven distinct cell types is mapped in dot plots (Color stands for the average expression of
each gene and the size stands for percent expressed). OA, osteoarthritis; UMAP: Uniform
manifold approximation and projection; ST, synovial tissue; APC, antigen presenting cell.
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Figure 2. Comparisons of gene deconvolution tools with fix signature matrixes, generation of
“synovium” specific signature matrices.

(A) Flowchart showed the experimental strategy for comparison of gene deconvolution tools,
generation of “synovium” specific signature matrix and optimization. (B) Comparisons

of six different gene deconvolution tools using fix signature matrix in terms of Pearson
correlation coefficients. (C) Statistical analysis revealed the satisfying prediction accuracy
of QUANTISEQ, MCP-counter and CIBERSORTx compared to EPIC, XCELL and TIMER
in cells isolated from OA synovium. Data were compared by the one-way ANOVA with
Tukey’s post hoc tests for multiple comparisons and multiple p values were adjusted

by the Bonferroni correction. Each bar represents a group (x-axis) with mean and 95%

Cl (y-axis). (D) Significant improvements in terms of predictive accuracy after using the
generated CIBERSORTXx-based “synovium” specific signature compared to the default one.
The correlation analysis was performed by Pearson correlation. The correlation analysis
was performed by Pearson correlation. Comparisons of Pearson correlation coefficients
were conducted by one-tail Fisher r-to-z transformation (p=0.049). (E) Satisfying predictive
results of relative cell abundance for seven general cell types in six cases of total nine
patients. (F) No significant differences were observed between the predicted and measured
cell composition in each case. Data comparisons were performed by Kruskal-Wallis test.
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