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Purpose: The goal of this study was to explore the expression characteristics of RNA modification-related genes, reveal immune
landscapes and identify novel potential diagnostic biomarkers in osteoarthritis (OA) and rheumatoid arthritis (RA) patients.
Patients and Methods: RNA microarray and single-cell sequencing (scRNA-seq) data were downloaded from gene expression
omnibus (GEO) database. Differentially expressed RNA modification-related genes were identified and then functionally
annotated. Univariate logistic regression and lasso regression analysis were used to identify primary disease genes for OA and RA.
Validation was done using scRNA-seq analysis and immunohistochemistry (IHC) in human knee synovial tissues and a murine
destabilization of the medial meniscus (DMM) model. Through WGCNA analysis, genes associated with cell pyroptosis or autophagy
in OA and RA were identified, which were then combined with differentially expressed RNA modification-related genes to construct
a PPl interaction network. Furthermore, hub genes were selected for ceRNA interaction network analysis, correlation analysis with OA
and RA molecular subtypes, as well as correlation analysis with 22 immune cells.

Results: Six RNA modification-related genes (ADAMDECI, IGHM, OGN, TNFRSF11B, SCARA3 and PTN) were identified as
potential OA and RA pathogenesis biomarkers. Their expression was validated in human knee synovial tissues and a murine DMM
model. Functional enrichment of differentially expressed RNA modification-related genes between RA and OA was analyzed using
GO, KEGG, GSEA, and GSVA. Based on WGCNA and PPI analysis, the six hub genes related to pyroptosis and RNA modification
(CXCL10, CXCLY, CCR7, CCL5, CXCLI1, and CCR2) were identified as central nodes for ceRNA interaction, correlation with OA and
RA molecular subtypes, and association with 22 immune cells.

Conclusion: Our research revealed the significance of RNA modification-related genes in the development of OA and RA pathogenesis,
thereby providing a novel research direction for understanding the mechanisms, diagnosis, and treatment of OA and RA.
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Introduction
Osteoarthritis (OA) and rheumatoid arthritis (RA) are two of the most common forms of arthritis that affect millions of
people worldwide.' While both conditions share some similarities in symptoms, epidemiology, and treatment options,
they differ significantly in their underlying molecular mechanisms and pathogenesis.”

OA is a multifaceted degenerative joint disorder, not limited to cartilage erosion but encompassing the entire joint. It
involves cartilage and meniscal degeneration, inflammation and fibrosis of the infrapatellar fat pad and synovial
membrane, and subchondral bone remodeling.* ® Predominantly seen in older adults, OA’s onset is influenced by factors

like obesity, joint trauma, and genetic predispositions.”* OA is a leading cause of disability worldwide, and its
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prevalence is expected to increase as the population ages. In contrast, RA is an autoimmune disease that affects the
synovial tissue lining the joints, leading to chronic inflammation and joint damage. RA is characterized by symmetrical
joint involvement, joint pain, stiffness, and swelling, and is associated with systemic manifestations such as fatigue,
fever, and weight loss.” The exact etiology of RA is unknown, but it is thought to result from a complex interplay
between genetic, environmental, and immunological factors.”> Both OA and RA are more prevalent in women. While
OA’s prevalence increases with age, RA typically manifests between the ages of 30 and 50.'°

OA and RA, prevalent joint disorders, have witnessed significant advancements in their therapeutic strategies. For OA,
beyond the conventional pain management and physical therapy, the forefront of treatment now includes cell therapies such as

13-15 and

chondrocyte and MSC transplantation,'' drug delivery mediated by exosomes,'? the application of bioactive materials,
innovative approaches like senolytic drugs'® or RNA therapies.'” On the other hand, RA, driven by autoimmune inflammation, is
managed not only with traditional disease-modifying antirheumatic drugs (DMARDs) but also with cutting-edge targeted
therapies, notably biologics that pinpoint and inhibit specific inflammatory pathways.'® Thus, identifying characteristic targets
based on the molecular mechanisms of OA and RA is crucial for the development of novel clinical therapeutic approaches.

The synovial molecular mechanisms in OA and RA exhibit distinct differences. In OA, synovial inflammation
correlates with radiographic and pain progression.® Multiple contributors to OA, such as ageing, obesity, trauma and
mechanical loading, influence its development, potentially by altering the synovial environment.'® Furthermore, other
factors like specific cytokines, crystals and metabolites in the synovium, damage-associated molecular patterns, partici-
pation of the NLRP3 inflammasome and mitochondrial dysfunction, instigate synovial cell activation, intensifying the
inflammatory response.”’ In RA, the synovial tissue becomes densely infiltrated with immune cells, leading to chronic
inflammation. The acellular synovium, transformed into an invasive tumour-like “pannus” due to synovial proliferation,
neovascularization and leukocyte extravasation, creates a hypoxic environment due to its aberrant microvasculature.?!
Such oxygen scarcity perturbs cellular metabolism and mitochondrial function, leading to an increased generation of
reactive oxygen species, further exacerbating inflammation. Under various cellular stress conditions, such as hypoxia,
ROS, endoplasmic reticulum (ER) stress, and microbial infections, the NLRP3 inflammasome and autophagy are
activated.”>>* This activation endows macrophages and RA fibroblast-like synoviocytes (RA-FLS) with critical pro-
inflammatory and anti-apoptotic functions respectively.”” Nakahira et al*® suggest that autophagic proteins play a pivotal
role in modulating inflammasome-dependent inflammation. A deficiency in these proteins fosters the accumulation of
malfunctioning mitochondria, leading to the cytosolic translocation of mtDNA, caspase-1 activation, and the subsequent
secretion of IL-1p and IL-18.?” In summary, while synovial inflammation is crucial in the progression of both OA and
RA, their distinct pathogenic mechanisms and immune microenvironments result in divergent molecular pathways.
Further exploration of potential epigenetic modifications may provide insights into their molecular underpinnings.

RNA modification is a post-transcriptional process that involves the addition or removal of various chemical groups
to RNA molecules, leading to alterations in their structure and function.”® Several RNA modification-related genes have
been identified, each encoding enzymes that catalyze specific RNA modifications. RNA modification-related genes,
including those involved in N6-methyladenosine (m6A), N1-methyladenosine (m1A), and cytosine-5 methylation (m5C)
modifications, have been shown to be associated with the pathogenesis of OA and RA, two common forms of arthritis
characterized by joint inflammation and cartilage damage.*’

In OA, increased m6A modification has been observed in the cartilage of patients, and this modification has been
associated with increased inflammation and cartilage degradation.® The m6A modification is regulated by several RNA
modification-related genes, including METTL3, METTL 14, and FTO. Dysregulation of these genes and the m6A modification
they regulate may contribute to the development and progression of OA.>' Similarly, in RA, decreased m5C modification has
been observed in the synovial tissue of patients, and this modification is associated with increased inflammation and disease
severity. DNMT2, NSUN2, and TRDMT1 are RNA modification-related genes that regulate m5C modification. Dysregulation
of these genes and the m5C modification they regulate may contribute to the pathogenesis of RA.** Furthermore, decreased
mlA modification has been observed in the cartilage of OA patients.**** Dysregulation of these genes and the mlA
modification they regulate may lead to altered gene expression and chondrocyte dysfunction in OA.

Overall, these findings suggest that dysregulation of RNA modification-related genes and their associated mod-
ifications may contribute to the development and progression of OA and RA. Our study aims to elucidate the
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underlying mechanisms associated with RNA modification-related genes and to identify potential therapeutic targets
for OA and RA.

Materials and Methods

Data Collection

We obtained a single cell sequencing (scRNA-seq) dataset, GSE152805,** from the official GEO database (https:/www.
ncbi.nlm.nih.gov/geo/) for the species Homo sapiens. The dataset was generated on the platform GPL20301 Illumina
HiSeq 4000 and consisted of 14,318 normal cartilage cells from the lateral aspect of the tibia and 10,927 cells from the
damaged cartilage on the medial side of the tibia. These samples were obtained from patients with OA during joint

replacement surgery. More information about the dataset can be found in Supplementary Table 1. Furthermore, we
acquired the expression and clinical data of three RNA microarray datasets, GSE55235,*° GSE55457,% and GSE55584™°
from the GEO database. These datasets also corresponded to the species Homo sapiens and were generated on the
platform GPL96 [HG-U133A] Affymetrix Human Genome U133A Array. We integrated these datasets, resulting in
a total of 79 synovial tissue samples, including 20 normal samples, 26 OA samples, and 33 RA samples, as described in

Supplementary Table 2.

Differential Expression of RNA Modification-Related Genes Between OA and RA

We obtained human RNA modification-related gene data from two databases, RMBase v2.0 (RNA Modification Database)
database® for m1A, m6A, and the m5C-Atlas database®” for m5C. These data sets were integrated into an RNA modification-
related gene set consisting of 11,280 genes. The genes were extracted from RNA microarray expression data for further analysis.
To remove any batch effects, we used the ComBat®® function of the sva (version 3.42.0) R package on the three RNA microarray
datasets. We then used the limma (version 3.50.0)*° R package to perform differential expression analysis of RNA modification-
related genes in the OA and RA samples in the data set. The significance threshold for gene screening was set at a P-value < 0.05
and | logFC | > 1. We created volcano and heat maps to display the results of differential analysis of RNA modification-related
genes, and a box plot for the top 5 genes.

PPl Network of Differentially Expressed RNA Modification-related Genes between
OA and RA.

We downloaded human protein interaction network data from the STRING database,*” filtered it using a threshold of
combined score > 700, and imported it into Cytoscape.*’ We then mapped the differentially expressed RNA modifica-
tion-related genes between OA and RA to the filtered human PPI network for display.

Univariate Regression Analysis and LASSO Regression Analysis

We conducted univariate regression analysis and LASSO (Least Absolute Shrinkage and Selection Operator) regression
analysis on the differentially expressed RNA modification-related genes between OA and RA using the glmnet (version
4.1) R package.*” We performed separate analysis for the OA and normal group, as well as the RA and normal group, to
identify genes significantly associated with OA and RA, respectively. Subsequently, we applied LASSO regression to
identify genes with non-zero coefficients as the primary disease genes for OA or RA.

GO and KEGG Enrichment Analysis

We conducted Gene Ontology (GO)** and Kyoto Encyclopedia of Genes and Genomes (KEGG)* enrichment analysis to
identify the biological processes and pathways that were most related to differentially expressed RNA modification-
related genes between OA and RA, using a cutoff value of P < 0.05.

GSEA and GSVA Enrichment Analysis

To investigate the variations in biological processes between the disease group and the control group, we downloaded c2.
cp.kegg.v7.5.1.symbols.gmt from the Molecular Signatures Database (MSigDB, https://www.gsea-msigdb.org/gsea/
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msigdb/)** as the gene set and conducted enrichment analysis and visualization on the gene expression dataset using the
Gene Set Enrichment Analysis (GSEA)* and Gene Set Variation Analysis (GSVA)*® methods with R package
clusterProfiler (version 4.2.2)*” and GSVA (version 1.42.0) respectively. Then, using the R package limma (version
3.50.0),*” we analyzed the pathways with significant differences (P-value < 0.05), evaluated the pathway activity scores
for OA and RA, conducted differential analysis, and finally, plotted the top 5 pathways for both diseases in a heatmap.

WGCNA Analysis

The Weighted Correlation Network Analysis (WGCNA)*® was used to construct a co-expression network, explore the
correlation of genes, and identify important interacting gene modules. The co-expression network was built using the comparison
of the OA and RA expression datasets. The “PickSoftThreshold” function in the R package WGCNA (version 1.70-3)*® was used
to calculate the soft threshold B value, which was determined to be 8. Hierarchical clustering analysis was then performed based
on weighted correlation, and the clustering results were divided according to the set criteria to obtain different gene modules,
represented by the branches of the clustering tree and different colors. Subsequently, the correlation of the gene modules with cell
pyroptosis and autophagy was calculated to identify phenotype-related modules and perform correlation analysis.

PPl Network of RNA Modification-Pyroptosis-Related Genes

We extracted the gene module most significantly correlated with pyroptosis from the WGCNA analysis and intersected it
with the differentially expressed RNA modification-related genes between OA and RA. Then, we mapped these
intersected genes to the differentially expressed RNA modification-related genes PPI network between OA and RA
and performed network topology analysis using the cytoHubba*® plugin in Cytoscape.*' The MCC algorithm was used to
select the top 6 genes as hub genes.

ceRNA Network

We obtained the miRNA-mRNA and miRNA-IncRNA interaction data from the starBase database.’® With the help of
hub genes, we identified miRNAs related to the genes and then searched for IncRNAs associated with those miRNAs.
Finally we filtered out IncRNAs with less than 10 miRNA-IncRNA relationship pairs, constructed a ceRNA interaction
network, and visualized it with Cytoscape.*!

Molecular Subtypes of OA and RA

According to univariate logistic regression analysis and LASSO regression analysis, the primary disease genes in OA and
RA were obtained. ConsensusClusterPlus®’ was used in R to perform consistency clustering, and molecular subtypes
were differentiated between the two diseases based on the clustering results. The correlation between the hub genes and
the molecular subtypes of the two diseases was calculated using the “corrr” package in R, the results of which were
visualized in a heat map.

Immune Infiltration Analysis
The CIBERSORT (https://cibersortx.stanford.edu/)>* analysis tool is a bioinformatics algorithm that accurately calculates

the infiltration of immune cells. The assumed immune cell abundance is estimated using a reference set consisting of 22
immune cell subtypes. The correlation between the hub genes and the 22 immune cell subtypes was calculated with the
R package corrr, and the results were visualized in a heatmap.

Seurat Quality Control

We used R (version 4.1) and Seurat package (version 4.0.5)> to analyze the GSE152805 dataset. The proportion of
mitochondrial genes to all genetic material was generally evaluated as an indicator of cellular stress. After filtering out
cells with high mitochondrial gene content (> 10%), low-quality cells or empty droplets (< 200 features), doublets (>
6000 features), and cells with the sum of gene expression > 60,000, we obtained 25,245 cells. We then standardized the
sequencing depth of the dataset and identified 1000 variable features. Principal Component Analysis (PCA)** was
applied to identify significant PCs and the cells were grouped into clusters using Seurat’s “FindNeighbors” and
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“FindClusters” functions. Finally, we used the “RunUMAP” function for dimensionality reduction to visualize and
explore the dataset.

Cell Type Annotation

After using UMAP for visualization, we identified 15 clusters and manually annotated 7 distinct subtypes of chondro-
cytes using cell type marker genes. The marker genes for each subtype were as follows: MMP3, FOSB, and JUN for
homeostatic chondrocytes (HomC); COL10A1, IBSP, and JUN for hypertrophic chondrocytes (HTC); COL10A41, IBSP,
COL2A41, and TGFBI for prehypertrophic chondrocytes (preHTC); CHI3L! and CHI3L2 for regulatory chondrocytes
(RegC); COLIAI, COLIA2, S10044, PRG4, and TMSB4X for fibrochondrocytes (FC); COL2A1, CILP, COL3A41, and
COMP for reparative chondrocytes (RepC); and IL11, COL2A41, CILP, and OGN for prefibrochondrocytes (preFC).**>3
Finally, we used the “FindAllMarkers” function with default parameters to determine the differentiating genes between
cell types.

Surgically Induced Osteoarthritis

C57BL/6 mice were purchased from Xi’an Jiaotong University and used for all experiments. Mice were housed in
accredited facilities and received standard diets and tap water. The study was approved by the Animal Care and Use
Committee of Xi’an Jiaotong University. Male C57BL/6 mice, aged 12 weeks and weighting 28.5+1.7g, were acclima-
tized for one week before being randomly allocated to either a sham group (n = 6) or a destabilization of the medial
meniscus (DMM) group (n = 6). Anesthesia was induced via intraperitoneal injection of pentobarbital sodium, and the
DMM surgical technique was based on previous studies.’® After anesthesia, the hair around the knee joint was removed,
and the skin was disinfected with 1% iodophor before performing the medial parapatellar arthrotomy. Under a surgical
microscope, the medial meniscotibial ligament was identified and transected after dissecting the anterior fat pad. The
complete detachment of the ligament was confirmed by pushing the meniscus. Following patella relocation, the surgical
area was disinfected with iodophor and the joint capsule was closed using sutures. The sham group underwent only the
medial capsulotomy. After a 12-week postsurgical period, the mice were euthanized, and their right knee joints were
dissected. All applicable guidelines for mouse experiments were strictly followed in this study.

Histology and Immunohistochemistry Analysis

Following euthanasia, the right knee joints of the mice were harvested and fixed in 4% paraformaldehyde for 48 hours.
Subsequently, the samples underwent decalcification in a solution containing 25% EDTA at room temperature for
a duration of two weeks. Once decalcified, the tissues were embedded in paraffin. Paraffin-embedded blocks were
sectioned at a thickness of Sum. These sections were then processed for deparaffinization and dehydration. Histological
evaluations were performed using hematoxylin-eosin (HE), safranin O-fast green, and toluidine blue staining, as well as
immunohistochemistry (IHC) to assess tissue morphology and discern any differences between experimental groups. The
Osteoarthritis Research Society International (OARSI) scoring system was used by two independent observers who were
blinded to the experimental groups.”” IHC was performed according to the protocol of the SABC (rabbit IgG) kit (Boster,
Wuhan, China; cat. nos. SA2001 and SA2002). Deparaffinization was carried out using xylene, dehydration using
ethanol, and antigen retrieval was performed by heating the sections in 0.01 M citrate buffer (pH 6.0). After treatment
with 3% hydrogen peroxide for 10 minutes at room temperature to inactivate endogenous peroxidase, the sections were
incubated with 5% BSA blocking solution at room temperature for 1 hour. The sections were incubated overnight at 4°C
with the following primary antibodies: rabbit anti-COL2A1 (Servicebio, Wuhan, China; cat. no. GB11021-100, 1:500),
rabbit anti-COL1A1 (Servicebio, Wuhan, China; cat. no. GB11022-100, 1:500), rabbit anti-MMP13 (Servicebio, Wuhan,
China; cat. no. GB11247-100, 1:200), rabbit anti-ADAMTS4 (Servicebio, Wuhan, China; cat. no. GB11807-100,
1:1000), rabbit anti-TNFRSF11B (ZEN-BIOSCIENCE, Chengdu, China; cat. no. 821075, 1:100), rabbit anti-OGN
(Proteintech, Wuhan, China; cat. no. 12755-1-AP, 1:200), rabbit anti-SCARA3 (Abmart, Shanghai, China; cat. no.
PH1489, 1:200), and rabbit anti-PTN (Abmart, Shanghai, China; cat. no. PK30936, 1:100). The slides were then
incubated with biotinylated secondary antibodies (Boster, Wuhan, China; cat. nos. SA2001 and SA2002) and stained
with a diaminobenzidine (DAB) substrate and counterstained with hematoxylin.
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Immunohistochemistry for RA and OA Synovial Tissues
Samples of synovial tissue were collected from patients with RA (n = 10) and OA (n = 10) at the Joint Surgery Department of
HongHui Hospital affiliated with Xi’an Jiaotong University (Supplementary Table 3). All participants met the 2010 American

College of Rheumatology diagnostic criteria for RA and OA, including radiographic evidence and clinical history. Prior to the
study, all patients signed informed consent forms and the hospital ethics committee approved the study. The aforementioned
protocol was followed for conducting immunohistochemistry and HE staining. For immunostaining of ADAMDEC! and
IGHM, the following primary antibodies were utilized: rabbit anti-ADAMDECI (Proteintech, Wuhan, China; cat. no. 17899-
1-AP, 1:200) and mouse anti-IGHM (Proteintech, Wuhan, China; cat. no. 66484-1-Ig, 1:3000).

Statistical Analysis

All data computations and statistical analysis were performed using the R programming language. Student’s #-tests were
employed to compare OA and RA samples, as well as sham and DMM samples. Unless otherwise stated, statistical
significance was set at P < 0.05.

Results

Differential Expression of RNA Modification-Related Genes in OA and RA

As shown in the flowchart (Figure 1), we analyzed a total of 79 samples, including 20 normal, 26 OA, and 33 RA human Knee
joint synovial tissue samples. After extracting and comparing the expression data of OA and RA samples, we integrated m1A,
m6A, and m5C data to identify RNA modification-related genes. Using the R package limma, we found 140 differentially
expressed RNA modification-related genes, with 72 highly expressed in OA and 68 in RA. The volcano plot (Figure 2A) and
heatmap (Figure 2B) were used to visualize the differentially expressed genes. Boxplots were created to show the top five
differentially expressed genes in OA and RA, with MAB21L2, ZIC1, RBP4, CRLF1, and ADIPOQ highly expressed in OA and
MMPI, ADAMDECI, CXCL9, IGHM, and CXCLI3 highly expressed in RA (Figure 2C). Finally, we mapped the differen-
tially expressed genes to a PPI interaction network using Cytoscape (Figure 2D).

Univariate Regression Analysis and LASSO Regression Analysis
To conduct the analysis, data was extracted separately from OA samples and normal samples, and also from RA samples and
normal samples. In a univariate logistic regression analysis, the disease status (OA, RA) or normal status was the dependent

RNA modification genes Microarrays Single cell RNA_seq
(m1A m5C m6A) GSE55235 GSE55457 GSE55584 GSE 152805
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| Pyroptosis gene (OA/RA) (OA/RA) (OA/Normal and RA/Normal)
Y + Y + Y

PCA
RNA modification And
[ genes (m5C) H PPI ] [ GO/KEGG } [GSEA/GSVA] [CIBERSORT] [ Lasso ] UMAP
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Figure | Flowchart of bioinformatic analysis process of the study.
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Figure 2 Comparison of expression of RNA modification-related genes in osteoarthritis and rheumatoid arthritis. (A) Volcano plot of differentially expressed RNA
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significant differences. Orange represents higher expression in osteoarthritis and blue represents higher expression in rheumatoid arthritis. (B) Heat map of differentially
expressed RNA modification-related genes between osteoarthritis and rheumatoid arthritis, with genes on the rows and samples on the columns. The more red the color,
the higher the expression value, and the more blue, the lower the expression value. (C) Box plot of the top 5 genes with logFC values of differentially expressed RNA
modification-related genes between osteoarthritis and rheumatoid arthritis, with gene names on the x-axis and gene expression values on the y-axis. Orange represents
gene expression in osteoarthritis and blue represents gene expression in rheumatoid arthritis. (D) Protein interaction network graph of differentially expressed RNA
modification-related genes between osteoarthritis and rheumatoid arthritis, with orange representing higher expression in osteoarthritis and blue representing higher
expression in rheumatoid arthritis. **P < 0.001 and ****P < 0.0001.
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variable, and the differentially expressed RNA modification-related genes between OA and RA were the independent
variables. This analysis aimed to identify RNA modification-related genes significantly associated with the disease, and
then LASSO regression was used to select the primary disease genes. Following our LASSO regression analysis, we
pinpointed 13 primary disease-associated genes that were specific to the OA group, as delineated in Figure 3A. These
genes encompass TNFAIP3, SCARA3, PDZRN4, NAPIL3, TNFRSF11B, SIK1, ARL4C, MEST, PTN, EPHA3, CX3CRI1, OGN,
and SCG2. Simultaneously, for the RA group, we identified 12 distinct primary disease genes, highlighted in Figure 3B. These
genes include CSF2RB, SLAMFS, SFRP1, CXCL13, CYTIP, CXCL10, IGHM, ADAMDECI, PENK, APOE, IGKC, and
NAMPT. To validate our findings, we performed ROC analysis on the selected primary disease genes. In the OA group, the
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Figure 3 The LASSO regression and ROC assessment of disease genes. (A) The LASSO regression cross-validation using disease and normal as dependent variables and
disease genes as independent variables in osteoarthritis, with the log (A) on the bottom x-axis, mean squared error on the y-axis, and the number of genes in the model on
the top x-axis. (B) The LASSO regression cross-validation using disease and normal as dependent variables and disease genes as independent variables in rheumatoid
arthritis, with the log (A) on the bottom x-axis, mean squared error on the y-axis, and the number of genes in the model on the top x-axis. (C) ROC curve of the primary
disease genes in osteoarthritis, with AUC value as the area under the curve, with a higher value indicating better performance. (D) ROC curve of the primary disease genes
in rheumatoid arthritis, with AUC value as the area under the curve, with a higher value indicating better performance.
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primary disease genes yielded an AUC value of 0.9231 (Figure 3C), while in the RA group, the AUC value was 0.6788
(Figure 3D).

GO and KEGG Enrichment Analysis

GO and KEGG enrichment analysis revealed that the differentially expressed RNA modification genes between OA and
RA were primarily enriched in biological processes such as leukocyte chemotaxis, cell chemotaxis, and cytokine-
mediated signaling pathways, as well as molecular functions such as chemokine receptor binding and receptor ligand
activity. They were also enriched in cell components such as the external side of the plasma membrane, collagen-
containing extracellular matrix, and blood microparticle (Figure 4A). Furthermore, these genes were mainly enriched in
biological pathways such as Cytokine-cytokine receptor interaction, Viral protein interaction with cytokine and cytokine
receptor, Chemokine signaling pathway, Malaria, Primary immunodeficiency, IL-17 signaling pathway, NF-kappa
B signaling pathway, PPAR signaling pathway, TNF signaling pathway, and Hematopoietic cell lineage (Figure 4B).
Notably, a larger number of genes were enriched in the cell component external side of plasma membrane (Figure 4C)
and the biological pathway Cytokine-cytokine receptor interaction (Figure 4D).

GSEA and GSVA Enrichment Analysis

For GSVA analysis, we generated heat maps based on the logFC value to visualize the top 5 pathways in each group
(Figure 5A). In OA, the significantly enriched pathways were LIMONENE AND PINENE DEGRADATION,
HISTIDINE METABOLISM, PROPANOATE METABOLISM, etc. In RA, the significantly enriched pathways
were CHEMOKINE SIGNALING PATHWAY, PRIMARY IMMUNODEFICIENCY, B CELL RECEPTOR
SIGNALING PATHWAY, etc. We also used the GSEA method to perform enrichment analysis of the differentially
expressed RNA modification genes between OA and RA. The pathways were sorted based on NES and the top three
and bottom three pathways were selected for visualization (Figure 5B—G). The three pathways with the highest NES
values were CHEMOKINE SIGNALING PATHWAY, PRIMARY IMMUNODEFICIENCY, and NATURAL
KILLER CELL MEDIATED CYTOTOXICITY. Conversely, the three pathways with the lowest NES values were
TYROSINE METABOLISM, METABOLISM OF XENOBIOTICS BY CYTOCHROME P450, and DRUG
METABOLISM CYTOCHROME P450.

Analysis of Pyroptosis and Autophagy by WGCNA

We used comparative expression data of OA and RA to construct a co-expression network. The soft threshold B value
was determined as 8 using the “PickSoftThreshold” function from the R package WGCNA (version 1.70-3) (Figure 6A—
D). Based on the weighted correlation, hierarchical clustering analysis was performed, resulting in different gene
modules identified by dendrogram branches and colors (Figure 6E). We evaluated the correlation between gene modules
and pyroptosis, as well as autophagy. We extracted the genes from the turquoise module and performed a Pearson
correlation analysis between their expression and pyroptosis as well as the turquoise module itself, showing a strong
correlation (r = 0.88, P < 0.001) in a scatter plot (Figure 6F). Our analysis revealed that the turquoise module showed the
highest correlation with pyroptosis (r = 0.86, P <0.001), as depicted in Figure 6G.

PPl Network of RNA Modification-Pyroptosis-Related Genes

We identified the intersection genes between the turquoise module and the differentially expressed RNA modification-
related genes distinguishing OA from RA (Figure 7A), and further filtered for genes with an interaction score greater than
700 in the PPI network (Figure 7B). The resulting genes were visualized using Cytoscape (Figure 7C), and the
cytoHubba plugin was used to perform a topological analysis of the network. The MCC algorithm identified the top 6
genes as hub genes: CXCL10, CXCLY, CCR7, CCL5, CXCLI, CCR2 (Figure 7D).

Analysis of ceRNA Interaction Network
We obtained the miRNA-mRNA and miRNA-IncRNA interaction data from the starBase database and used the hub
genes to search for related miRNAs and IncRNAs. LncRNAs were screened with a threshold of greater than 10 in the
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number of miRNA-IncRNA relationship pairs, and the ceRNA interaction network was constructed and displayed in
Cytoscape (Figure 8). Among the hub genes, genes CXCLI, CXCL10, and CCR7 were able to find interacting relation-
ships with miRNAs. The mRNA CCR7 and the IncRNA XIST were found to have the most interacting relationships in
the ceRNA network. Several miRNA genes, including hsa-let-7a-5p, hsa-let-7b-5p, hsa-let-7c-5p, hsa-let-7d-5p, hsa-let-
7e-5p, hsa-let-7f-5p, hsa-let-7g-5p, hsa-let-7i-5p, hsa-miR-4458, hsa-miR-4500, and hsa-miR-98-5p, were found to have
more interacting relationships. Some miRNA genes, such as hsa-let-7a-5p, hsa-let-7b-5p, hsa-let-7c-5p, hsa-let-7d-5p,
hsa-let-7e-5p, hsa-let-7f-5p, hsa-let-7g-5p, hsa-let-7i-5p, hsa-miR-4458, hsa-miR-4500, and hsa-miR-98-5p, showed
a greater number of interacting relationships.

Molecular Subtypes of OA and RA

The primary disease genes obtained from univariate logistic regression analysis and LASSO regression analysis were
analyzed using the R package ConsensusClusterPlus to distinguish molecular subtypes of the two diseases. Two subtypes
were identified for each disease: Cluster 1 and Cluster 2 (Figure 9A and B). The correlation between hub genes and the
molecular subtypes of the two diseases was calculated using the R package corrr and visualized in a heatmap. In OA,
CXCLI, CCR2, and CCR7 exhibited a negative correlation in cluster 1, while showing a positive correlation in cluster 2
(Figure 9C). Conversely, in RA, the correlation of these three hub genes with the two clusters displayed a trend opposite
to that observed in OA (Figure 9D).

Correlation Analysis and Immune Infiltration Analysis
The correlation between the differentially expressed RNA modification-related genes between OA and RA was calculated
using the R package “corrr” and a correlation network graph was generated (Figure 10A), showing only lines with

Journal of Inflammation Research 2023:16 hetps: 5013

Dove:


https://www.dovepress.com
https://www.dovepress.com

Zheng et al Dove

\\\\ l\‘ {/
\\‘\\\\\\\ \Vm\_\!;/!' sa-mlR-1 9\9&

W hsa-mlR-4ZZa hsa—let -79-5p — = \
".’\ 70 .= / “\\\\ ~‘ = \\

N S /’
miR-590- /%/ hsa-miR-21-5p — TSN

I 1 oS

—\\\\ ﬁl\“g N
\\S - — :

]
\}.‘.\\::«?é-‘ =

\‘\"

XXA sa-miR-1 5b-5p &
2 ~‘\‘\§\\\
L7 7 4 ~————hsa-miR-497-5p
=i o\ |
-sv‘\\“\ hsa—mlR-1 6-5p
sa-mlR 378a-3 ' S {eamReealkop
= sa-mlR-183 -5p \\\\j
N\
/hsa-miR-1 5a-5p— CXCL10

g -
sa-miR-. 27b-3p \—L

Wz sa-miR-128-3p
Ll hsa-miR-410-3p
/
CXCL1
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green represents IncRNA.

a Pearson correlation coefficient greater than 0.7. The correlation was commonly observed between differentially
expressed RNA modification-related genes, such as OGN, SCG2, PTN, COMP. CD69, SIKI, DDIT4, ADORA3,
CX3CRI, PTGDS, MS4A41, CXCLS, APOE, DNASEIL3, CILP, FAH, C7, ADAMTSL3, ZBTB16, NOVAI, SLPI,
TMEM100, MAOA, RBP4, HBEGF, ADIRF, CLICS5, GHR, CHRDLI, LPL, FABP4, PCKI, PLINI, ADIPOQ, and
ADHIB. The CIBERSORT algorithm was applied to calculate the cell abundance of 22 immune cell types based on
differentially expressed RNA modification-related genes between OA and RA. The correlation between hub genes and 22
immune cell types was calculated using the R package “corrr” and displayed as a heatmap (Figure 10B). In the
comparison data, M1 macrophage showed a strong positive correlation with genes CXCLI0 and CXCL9 (r = 0.91 and
0.87, respectively) while M2 macrophage showed a strong negative correlation with gene CCR7 (r = —0.66). Mast cells
resting showed a strong negative correlation with gene CXCL9 (r = —0.65).

Single-Cell Analysis of OA

After analyzing samples from OA patients, this study obtained a total of 25,245 cells by filtering and meeting quality
control standards (Figure 11A—C). A strong correlation of 0.93 between nCount RNA and nFeature RNA was calculated
(Figure 11D), as expected. The top 1000 highly variable genes were extracted (Figure 11E) and PCA dimensionality
reduction was performed on the normalized data. Using Seurat’s “FindNeighbors” and “FindClusters” functions, the cells
were grouped into 15 clusters for cell type identification. Finally, UMAP dimensionality reduction was applied to
visualize the 15 distinct clusters (Figure 11F).

The identification of 15 cell clusters was determined as 7 subtypes of chondrocyte cell types based on gene markers
(Figure 12H). The subtypes were HomC (7659, 30.34%) for clusters 0, 4, 9, 11, 13, and 14, HTC (3458, 13.70%) for
cluster 1, RepC (3342, 13.24%) for cluster 2, RegC (2444, 9.68%) for cluster 3, preHTC (3719, 14.73%) for clusters 5
and 8, FC (4184, 16.57%) for clusters 6, 7, and 10, and preFC (439, 1.74%) for cluster 12. We visualized the gene
expression patterns of these cell types through UMAP using specific markers, such as /BSP for HTC (Figure 12A),
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Figure 9 Molecular subtypes of osteoarthritis and rheumatoid arthritis. (A) Consensus clustering results in osteoarthritis. (B) Consensus clustering results in rheumatoid
arthritis. (C) Heatmap of the correlation between the two molecular subtypes and the hub genes in osteoarthritis, with red indicating a strong positive correlation and blue
indicating a strong negative correlation. (D) Heatmap of the correlation between the two molecular subtypes and the hub genes in rheumatoid arthritis, with red indicating
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COLIA2 for FC (Figure 12B), COL2A1 for RepC (Figure 12C), /L1l for preFC (Figure 12D), JUN for HomC
(Figure 12E), CHI3LI for RegC (Figure 12F), and TGFBI for preHTC (Figure 12G). Furthermore, we also examined
the distribution of OA cells and normal cells using UMAP (Figure 12I) and found that the distribution of the two cell
types was relatively even. The proportion of each cell type in OA cells was presented in a pie chart (Figure 12J), with
HomC (2684, 24.56%), HTC (1306, 11.95%), RepC (1617, 14.80%), RegC (983, 9.00%), preHTC (1851, 16.94%), FC
(2250, 20.59%), and preFC (236, 2.16%). Additionally, we presented the number of each cell type in OA cells and
normal cells in a bar graph (Figure 12K). We observed that the proportion of HomC cells in normal cells (4975, 34.75%)
was higher than the proportion in OA cells (2684, 24.56%), whereas the proportion of FC cells in OA cells (2250,
20.59%) was higher than the proportion in normal cells (1953, 13.51%).

Expression and Correlation of Intersected Genes Between Differentially Expressed

Genes of Cell Populations and OA Primary Disease Genes
We analyzed the 7 cell types and identified differentially expressed genes using the default parameters of
“FindAllMarkers” (Supplementary Table 4). We randomly selected 200 cells for each cell type and created heat maps

of the top 2 differentially expressed genes for each (Figure 13A). Four genes were found that intersected between the
differentially expressed genes and the primary disease genes in OA: OGN, TNFRSF11B, SCARA3, and PTN. A violin plot
displayed their expression in each cell type (Figure 13B). OGN showed high expression in all cell groups except for
HTC, TNFRSFI11B was highest in preFC cells, SCARA3 had low expression in all cell groups, and P7TN had little
expression in most groups except for HomC, RepC, and FC. We calculated the correlation of gene expression values with
OA and normal cells using the R package “corrr”, and visualized the results as a bubble plot (Figure 13C). OGN had the
strongest correlation with OA (r = 0.54), while TNFRSF11B also showed a significant correlation with OA (r = 0.39).
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Validation of the Primary RNA Modification-Related Genes in OA and RA

After examining the HE-stained synovial tissues of knee joints from RA and OA patients, we observed more severe
synovial inflammation in RA tissues, including synovial hyperplasia, lymphocyte infiltration, and neovascularization. We
evaluated the HE staining results of OA and synovial tissues based on the Krenn synovitis Score.>® The scoring outcomes
between OA and RA showed significant differences. The IHC results showed a significant upregulation in the expression
of ADAMDECI and IGHM proteins in the synovial tissue of RA compared to OA (Figure 14A). We established a mouse
model of osteoarthritis using DMM surgery to investigate the impact of OA primary RNA modification-related genes on
the disease’s progression in vivo. After 12 weeks, we collected mouse specimens and performed various staining and
IHC tests to evaluate morphological differences between the groups. Our results showed that mice in the DMM group
exhibited significant cartilage damage compared to the sham group, including thinner cartilage, surface irregularities,
increased collagen fibers, and elevated OARSI scores (Figure 14B-D). We also found that the expression of four OA
primary RNA modification-related genes (OGN, TNFRSF11B, SCARA3, and PTN) was significantly higher in the DMM
group than in the sham group, suggesting their potential involvement in OA progression (Figure 14E). Our findings
provide insights into the role of RNA modification-related genes in the development of OA and RA.
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Discussion

RNA modification refers to the chemical modifications that occur on RNA molecules, which can affect various aspects of
RNA function such as stability, localization, translation, and splicing. Among the different types of RNA modifications,
mlA, m6A and m5C have been shown to play a role in the pathogenesis of OA and RA. Changing the RNA methylation
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level of target genes may affect the expression of these genes, thus reversing the pathogenesis of the disease. RNA
methylation-related enzymes and their targets may become new diagnostic markers and therapeutic targets, and may open
up new avenues for the treatment of human degenerative disease.
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In this study, we combined RNA microarray and scRNA-seq data to identify 6 RNA modification-related genes
(ADAMDECI, IGHM, OGN, TNFRSF11B, SCARA3, and PTN) that may be potential biomarkers involved in the pathogenesis
of OA and RA using differential analysis, univariate logistic regression, lasso regression analysis and single-cell analysis. The
expression levels of these genes were validated in human knee synovial tissue from OA and RA patients, as well as in a mouse
DMM model. Functional enrichment analysis was performed using GO, KEGG, GSEA, and GSVA to analyze the functional
enrichment of differentially expressed RNA modification-related genes between RA and OA, revealing changes in the
distribution of signalling pathways. Pyroptosis-related genes were selected through WGCNA analysis, and a PPI network
was constructed by intersecting differentially expressed RNA modification-related genes. The top six genes (CXCLI10,
CXCL9, CCR7, CCLS5, CXCLI and CCR?2) were identified as hub genes for ceRNA interaction network analysis, correlation
analysis with OA and RA molecular subtypes, as well as correlation analysis with 22 immune cells. Our research revealed the
significance of RNA modification-related genes in the development of OA and RA pathogenesis.

Our study provides a comprehensive analysis of the differential expression of RNA modification-related genes in OA
and RA. As our results demonstrate, there is a pronounced difference in the expression of these genes between the two
conditions. Delving deeper into the molecular functions and pathways associated with these genes, we found significant
enrichment in pathways such as Cytokine—cytokine receptor interaction, Chemokine signaling pathway, IL—17 signaling
pathway, NF—kappa B signaling pathway, and TNF signaling pathway. These pathways are intricately linked to immune
responses and cellular growth alterations, underscoring the complex interplay of molecular mechanisms in OA and RA.

GSVA and GSEA further highlighted the distinct molecular landscapes of OA and RA. While OA predominantly exhibited
enrichment in metabolic pathways, reflecting its degenerative nature, RA was characterized by a robust enrichment in
immune-related pathways. This distinction aligns with the fundamental pathophysiological differences between the two
diseases. In OA, the observed metabolic changes might be attributed to alterations in the biomechanical environment of the
joint or intrinsic cellular changes within chondrocytes.>® Disruptions in these metabolic processes can lead to the accumulation
of harmful by-products, further exacerbating cartilage degradation.®® On the other hand, RA, being an autoimmune disorder,
showcases the pivotal role of immune dysregulation, with the body’s immune system erroneously targeting joint tissues.®'

Considering the distinct molecular mechanism of two diseases, we postulate that autophagy and pyroptosis, as
downstream phenotypes of cellular stress, can reflect the differences in RNA modifications between OA and RA to
some extent. Our gene screening identified six hub genes, all of which are chemokines, chemokine receptors, or their
ligands. The differential RNA methylation patterns of these genes might be pivotal in driving the disparities observed
between OA and RA. To further elucidate the interactions of these hub genes, we constructed PPI and ceRNA networks,
offering potential insights into the regulatory patterns of RNA methylation in the future.

Our subsequent consistency clustering of OA and RA samples revealed an intriguing observation: genes such as
CXCLI, CCR2, and CCR7 exhibited completely opposite correlations in different clusters of the two diseases. Such
differential clustering might be indicative of varying disease progression stages between OA and RA. However, the
limited sample size and the absence of comprehensive patient information restrict our ability to correlate sample clusters
with disease severity or other etiological factors. Future research, with a more extensive dataset and detailed patient
profiles, can potentially shed light on the molecular subtypes of OA and RA, reflecting disease progression and the
dynamic changes in RNA methylation patterns across different disease stages.

ADAMDECI is a gene that has been implicated in the pathogenesis of various diseases. It encodes a protein belonging
to the ADAM (a disintegrin and metalloproteinase) family, which plays important roles in cell signaling, adhesion, and
proteolysis.®> ADAMDEC]I is known to promote inflammation and tissue destruction in several conditions, such as
rosacea, colitis, and cancer.®> > In RA, ADAMDEC]I has been confirmed to have high expression in the synovial fluid,
contributing to the disease pathology by inducing the production of pro-inflammatory cytokines, chemokines, and matrix
metalloproteinases, leading to cartilage and bone destruction.®® Understanding ADAMDEC1’s functions and mechanisms
in disease pathogenesis may provide valuable insights into developing targeted therapies for these conditions.

IGHM produces the immunoglobulin M (IgM) heavy chain, and acts as a vital component of antibodies made by B cells in
the immune system. IgM plays a vital role in identifying and removing foreign substances, such as viruses and bacteria, from
the body.®” However, IGHM is also involved in the development of autoimmune diseases like RA.°® In the case of RA, IGHM
is involved in the production of autoantibodies that target self-antigens, activating B cells to produce them. While the exact
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role of IGHM in OA remains to be elucidated, its presence or altered levels might serve as a potential biomarker for
distinguishing inflammatory components in OA from those in RA.%’

Recently, OGN has been linked to the development of diseases like OA and cancer. In OA, OGN contributes to
cartilage degradation by increasing the production of matrix metalloproteinases (MMPs), enzymes that break down
extracellular matrix components.””’! OGN also stimulates immune cells and leads to inflammation by producing pro-
inflammatory cytokines.”® In cancer, OGN has tumor-promoting or tumor-suppressive effects depending on the type of
cancer and cellular context.”

TNFRSF11B, also known as osteoprotegerin (OPG), is a gene that produces a protein critical in regulating bone
metabolism. OPG is a soluble receptor that binds to and neutralizes the activity of RANKL, a protein that stimulates bone
resorption.”* OPG is thus a key regulator of bone homeostasis, and its dysregulation has been implicated in various bone-
related diseases such as osteoporosis,”* RA,”* and bone metastasis of cancer.”® Alejandro’s research revealed consistent
upregulation of TNFRSF11B in lesioned OA cartilage, which may directly drive the chondrocyte to osteoblast transition
observed in OA pathophysiology.”’

SCARA3 is a scavenger receptor that plays a role in recognizing and removing various extracellular substances, such
as oxidative molecules or harmful products of oxidation.”® Recent research has linked SCARA3 to several diseases,
including cancer and neurodegenerative disorders.”"*® In cancer, SCARA3 acts as a tumor suppressor by inhibiting the
growth and spread of cancer cells, while promoting cell death.®' Low levels of SCARA3 in tumors are associated with
a poor prognosis. In neurodegenerative disorders such as Alzheimer’s disease, SCARA3 helps clear beta-amyloid protein,
a key pathological feature of the disease.® The tumor-like proliferation of RA synovium, coupled with the degenerative
characteristics shared by OA and Alzheimer’s disease, suggests that the mechanistic role of SCARA3 in these conditions
could provide pivotal insights for future research into OA and RA.

PTN is involved in various cellular processes like cell proliferation, differentiation, and migration, and has recently
been linked to OA and RA.** In OA, PTN’s expression is increased in cartilage and synovial fluid and linked to disease
severity.** PTN is believed to contribute to OA pathogenesis by promoting inflammation, chondrocyte death, and
breakdown of extracellular matrix.* In RA, PTN has been implicated in promoting synovial inflammation and
hyperplasia. RA patients show elevated PTN levels in their synovium, which are associated with disease activity.*®

Although this study provides valuable insights, it is important to acknowledge its limitations. The number of samples
verified in the study is relatively small and was obtained from a single center. Consequently, this may have introduced
bias in the experimental results. In order to confirm our findings, we intend to continue collecting cases for a multicenter
study with a larger sample size. Moreover, to establish the clinical relevance of the potential biomarkers and pathways
identified in this study, it is necessary to validate their biological function through in vitro and in vivo experiments. This
will provide practical evidence for targeted therapy in a clinical setting.

Conclusion

By utilizing single-cell analysis, WGCNA, differential expression analysis, and various machine learning techniques, we
have identified ADAMDEC! and IGHM as potential biomarkers related to RNA modification for RA, and OGN,
TNFRSF11B, SCARA3, and PTN as potential RNA modification-related biomarkers for OA. We have confirmed these
results through immunohistochemistry performed on tissue samples. We plan to further investigate their potential value in
RNA modification mechanisms, diagnosis, and treatment.

Data Sharing Statement
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