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Abstract: Objectives: Osteoarthritis (OA) is a chronic degenerative joint disease with great challenges in early di-
agnosis and treatment, and the synovium and infrapatellar fat pad (IFP) play a synergistic role in its pathological 
progression. This study aimed to identify OA’s key pathogenic cell populations, causal genes, diagnostic biomarkers 
and potential drug targets from the synovium and IFP via multi-omics analysis and experimental validation, and to 
evaluate the binding affinity between candidate drug targets and small-molecule compounds by molecular dock-
ing, so as to provide new molecular basis and therapeutic strategies for OA. Methods: Single-cell RNA sequencing 
(scRNA-seq) data of the synovial and IFP tissues (GSE216651) were obtained from the GEO database, and single-
cell bioinformatics analyses (clustering, annotation, trajectory and cell-cell interaction analysis) were performed 
to screen OA-related key cell populations. Two-sample Mendelian randomization (MR) analysis was conducted by 
integrating OA-GWAS and eQTLGen data to identify OA-causal differentially expressed genes (DEGs), with sensitivity 
analyses verifying result robustness. PPI network, GO and KEGG analyses were used to elucidate the biological func-
tions of core DEGs. The CeRNA network and DSigDB database were applied to screen diagnostic genes and drug tar-
get genes, respectively. An in vitro OA model was established by IL-1α-induced C28/i2 chondrocytes, and qRT-PCR 
validated the expression of core genes. Virtual screening from FDA database and molecular docking by AutoDock 
Vina were performed to evaluate the binding affinity of target proteins and candidate compounds. All statistical 
analyses were conducted with R 4.3, and P < 0.05 was statistically significant. Results: Four key OA-associated 
cell populations (fibroblasts, monocytes, stromal cells, macrophages) were identified, with macrophages specific to 
the OA group. MR analysis identified 18 OA-causal core DEGs, among which LRRN3 and PTGDS were expressed in 
the three major cell types. These DEGs were significantly enriched in OA-related processes/pathways such as lipid 
metabolism and Ras signaling pathway. Four diagnostic genes (GRAMD4, IL15, PITPNM1, SAMD12) and three core 
drug target genes (SAMD12, PTGDS, INSR) were screened out. qRT-PCR showed INSR was downregulated in the OA 
model, while the other five core genes were upregulated, consistent with MR results. Molecular docking revealed 
favorable binding affinity between the three target proteins and FDA-approved compounds; notably, lumacaftor and 
naldemedine exhibited high binding affinity to two of the three core drug targets, showing multi-target potential for 
OA treatment. Conclusion: This study identified the key cell populations driving OA progression in the synovium and 
IFP, and screened four novel diagnostic biomarkers and three potential drug targets for OA, with their expression 
verified in an in vitro OA model. Lumacaftor and naldemedine were found to have multi-target binding activity to 
OA core drug targets. These findings deepen the understanding of OA’s molecular mechanisms mediated by the 
synovium and IFP, and provide valuable experimental evidence for OA’s early diagnosis and the development of 
targeted therapeutic drugs, including old drug repurposing.
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Introduction

Osteoarthritis (OA) has been identified as a 
research priority due to its high disability rate 
and significant impact on the quality of life of 
patients [1]. Recent studies have demonstrat-
ed a strong correlation between the severity of 
synovial inflammation and the pathogenesis of 
OA [2]. Notably, synovial inflammation is not 
only prevalent in OA joints but is also closely 
associated with imaging diagnosis and pain 
progression [3]. Synovial inflammation is close-
ly related to clinical manifestations such as 
knee pain and morning stiffness (less than 30 
minutes) [4]; patients with synovitis confirmed 
by ultrasound or MRI have more significant pain 
[5]. Consequently, this pathological feature is 
regarded as a significant early marker of OA 
development [6]. The infrapatellar fat pad (IFP) 
has garnered significant attention due to its piv-
otal role in joint shock absorption and stability 
maintenance [7]. Growing evidence suggests 
that the IFP and synovium have a significant 
synergistic effect in the pathological progres-
sion of OA [8]. Specifically, the IFP promotes the 
progression of OA in collaboration with the 
synovium through structural remodeling (such 
as fibrosis and angiogenesis), molecular inter-
actions (such as the regulation of TGFβ and 
prostaglandin F2α), and immune cell polariza-
tion (such as the dynamic changes in macro-
phage subtypes) [3]. However, despite the 
increasing number of related studies, further 
elucidation of the specific molecular mecha-
nisms of the IFP and synovium in OA is required.

Recent technological advances in single-cell 
analysis have provided a novel approach for the 
precise diagnosis and treatment of OA, particu-
larly in the analysis of IFP and synovitis cellular 
heterogeneity, exhibiting unique advantages. 
Using scRNA-seq technology, researchers have 
successfully constructed single-cell transcrip-
tomic maps of healthy and OA chondrocytes, 
revealing significant heterogeneity in chondro-
cytes [9]. Further single-nucleus RNA sequenc-
ing (snRNA-seq) studies found that in OA 
patients, adipocyte subpopulations (such as 
ADIPOQ+ cells) and pro-inflammatory fibro-
blasts in the IFP are significantly expanded, 
exhibiting gene expression characteristics 
related to inflammation and extracellular matrix 
remodeling [10]. In previous studies of synovi-
tis, single-cell analysis revealed the functional 

heterogeneity of fibroblast-like synoviocytes 
(FLS). Specific subpopulations (such as PRG4+ 
and CD55+ FLS) are aberrantly activated in 
post-traumatic OA, exacerbating synovitis and 
cartilage degeneration by secreting pro-inflam-
matory factors (such as IL-6, MMPs) and acti-
vating the Wnt/β-catenin signaling pathway 
[11]. However, traditional omics methods have 
limitations in elucidating the causal roles of 
specific cell subpopulations [12]. Therefore, 
this study introduces Mendelian randomization 
(MR) analysis to further explore the functional 
roles of synovial and IFP cell subpopulations in 
OA progression.

MR is a statistical method that uses genetic 
variants as instrumental variables (IVs) to infer 
causal relationships between exposures and 
outcomes [13]. By integrating pooled data from 
genome-wide association studies (GWAS), MR 
can estimate the causal effect of an exposure 
on an outcome [14, 15]. Furthermore, the inte-
gration of MR analysis with GWAS studies has 
demonstrated a high degree of precision for 
drug-target confirmation, and MR-validated tar-
gets have been shown to exhibit a substantially 
improved success rate in clinical trials [16]. The 
use of two-sample MR methods, incorporating 
GWAS and genetic variants as tools, has yield-
ed substantial evidence for understanding the 
causes of OA in several studies, and the robust-
ness of the results has been verified by multi-
ple sensitivity analyses, such as MR-Egger, 
weighted median, etc. [17-19].

This study employed a multi-omics approach by 
combining GEO gene expression data and gen-
otype-derived expression quantitative trait loci 
(eQTL) data for MR analysis, revealing key 
pathogenic genes in the synovium and IFP 
associated with OA. Subsequent drug predic-
tion and molecular docking validated the phar-
macological activity of these potential thera-
peutic targets, demonstrating their clinical 
potential.

Materials and methods

The overall study design and technical workflow 
are illustrated in Figure 1, which outlines the 
strategy for identifying OA pathogenic genes 
and drug targets from synovial and IFP tissues. 
First, scRNA-seq data from GEO and GWAS/
eQTL data were collected and preprocessed. 
Next, single-cell analysis (clustering, annota-
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Figure 1. Overview of this study.

tion, trajectory and interaction analysis) was 
conducted to identify key OA-associated cell 
populations. Then, MR analysis was used to 
screen causal DEGs, followed by PPI, GO, KEGG 

and ceRNA network analyses to determine 
diagnostic genes and drug target genes. Sub- 
sequently, the expression patterns of core 
genes were validated by qRT-PCR in an IL-1α-
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induced OA cell model. Finally, virtual screening 
from the FDA database and molecular docking 
were performed to evaluate the binding affinity 
between candidate drug targets and small-mol-
ecule compounds, and to identify potential 
therapeutic drugs for OA.

Data source

In this study, single-cell RNA sequencing data 
were obtained from the GEO database of the 
National Centre for Biotechnology Information 
(NCBI). The search term “osteoarthritis scRNA-
seq” was utilised to identify the relevant data-
set, GSE216651. The files matrix.mtx.gz, fea-
tures.tsv.gz, and barcods.tsv.gz in this dataset, 
which contain gene expression matrices, gene 
feature information, and cell barcode informa-
tion, respectively, were downloaded. The down-
loaded files were extracted and imported into 
the R language environment. The data were 
then pre-processed using the Seurat pack- 
age, which includes operations such as data 
quality control, normalization, and dimensional-
ity reduction, to ensure data accuracy and 
reliability.

From the GWAS database (https://gwas.mrcieu.
ac.uk/), we selected outcome data pertain- 
ing to OA (ebi-a-GCST90038686), comprising 
484,598 samples from Europeans, encom-
passing data on 9,587,836 SNPs. Data from 
the eQTLGen consortium (https://www.eqtlgen.
org/) were chosen as the exposure, which 
includes whole blood eQTL data from 31,684 
samples, for two-sample MR analysis.

Single-cell sequencing

In the context of single-cell data analysis, the 
initial step involves the clustering of data, fol-
lowed by the generation of a cell cluster map  
by embedding cells in two-dimensional space 
using the t-SNE algorithm. According to the 
gene expression characteristics of the cells, 
the clustered cell populations were annotated 
to identify different cell types, such as mono-
cytes, fibroblasts, stromal cells, etc. Subse- 
quently, cell trajectory and pseudo-time analy-
sis were conducted using the Monocle3 R 
package to characterize the dynamic change 
trajectory of cells during OA pathological pro-
gression; the analysis was initiated by normal-
izing the scRNA-seq expression matrix and 
defining the cell state with the highly variable 

genes screened in the clustering step, then 
ordering the cells along the pseudo-time axis 
based on gene expression dynamics. The key 
nodes of cell differentiation and transcriptional 
changes were identified by detecting the genes 
with significant expression fluctuations at the 
branch points of the pseudo-time trajectory, 
and the expression trends of these marker 
genes at different pseudo-time stages were 
visualized to clarify the molecular regulatory 
characteristics of cell fate transition in OA. 
Furthermore, cell-cell communication relation-
ships were systematically analysed using the 
CellChat R package: the gene expression matrix 
of annotated cell types was imported into the 
package, and the default human ligand-recep-
tor interaction database was used to calculate 
the communication probability and interaction 
strength between different cell pairs. A cell 
communication network was then construct- 
ed with the communication probability as the 
weight, and the key ligand-receptor pairs of 
cell-to-cell interactions were screened with the 
criteria of P < 0.01 and communication proba-
bility > 0.1, so as to reveal the core signalling 
mechanism mediating the crosstalk between 
cells in the OA microenvironment.

Mendelian randomization analysis

To explore the potential causal relationship 
between genes and OA, this study used MR. 
First, association analysis was conducted with 
p1 = 5e-8 and p2 = 5e-8. SNPs with linkage 
disequilibrium were removed using kb = 10,000 
and r2 = 0.001, and weak instrumental vari-
ables (F-test value > 10) were excluded. During 
the two-sample MR analysis, multiple estima-
tion methods were applied, including inverse 
variance weighting (IVW), weighted median, 
MR-Egger regression, and simple/weighted 
mode, to ensure the robustness of the results. 
inverse variance weighting (IVW) was used as 
the primary statistical method, with results 
selected at P < 0.05. Additionally, leave-one-
out sensitivity analysis and funnel plot were 
performed to assess the validity of instrumen-
tal variables and potential biases.

Bioinformatics

PPI GO KEGG: Based on the key genes identi-
fied from the analysis, the GeneMANIA online 
tool was used to integrate multiple data sourc-
es, including physical interactions, co-expres-
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sion, prediction, co-localization, and genetic 
interactions, to construct a protein-protein in- 
teraction (PPI) network, revealing the molecu-
lar-level interactions of the genes. Additionally, 
GO functional enrichment analysis and KEGG 
pathway enrichment analysis were performed 
on the key genes to understand their enrich-
ment in biological processes, cellular compo-
nents, and molecular functions, as well as their 
involvement in signaling pathways. This pro-
vides insights into the mechanisms by which 
genes contribute to the occurrence and pro-
gression of OA.

ceRNA network diagram: The competing endog-
enous RNA (ceRNA) network was construct- 
ed in order to reveal the complex interaction 
among lncRNA, miRNA and mRNA. Firstly, dis-
ease-related lncRNA, miRNA and mRNA expres-
sion data were obtained from the GEO data-
base. Subsequently, the R software package 
was employed for data preprocessing, encom-
passing normalization and differential expres-
sion analysis, to identify significantly differen-
tially expressed molecules. Subsequently, po- 
tential ceRNA interactions were predicted ba- 
sed on the complementary pairing of miRNAs 
with lncRNAs and mRNAs. The miRDB data-
base was then utilised to obtain the bind- 
ing site information of miRNAs and lncRNAs/
mRNAs, and the stability of binding was fur- 
ther verified by RNAhybrid and other tools. 
These interactions were integrated to construct 
ceRNA networks, which were then visualised 
using Cytoscape software.

Patent drug gene screening

The relationship files of drugs and genes were 
obtained from the Drug Signatures Database 
(DSigDB), and the drugs significantly related to 
the key genes were identified by enrichment 
analysis.

Quantitative reverse transcriptase polymerase 
chain reaction (qRT-PCR)

Human chondrocytes (C28/i2, Reisai, China) 
were cultured until the 3rd to 5th passage, and 
then seeded into 6-well plates (5 × 10^5 cells 
per well). The cells were divided into normal 
and OA groups. The normal group was treated 
with high-glucose culture medium without fetal 
bovine serum, while the OA group was treated 
with 10 μg/ml of IL-1α. After 24 hours, RNA was 

extracted from the chondrocytes using the 
SPARKeasy Cell RNA Rapid Extraction Kit 
(SparkJade, China). The SPARKscript II RT Plus 
Kit (with gDNA Eraser) (SparkJade, China) was 
then employed to remove genomic DNA and 
reverse transcribe the RNA into cDNA. Finally, 
qRT-PCR was performed using the ABI7500 
fluorescent quantitative PCR instrument (ABI, 
USA) with the SYBR Green method. After qRT-
PCR, the relative expression levels of the target 
gene were compared to β-actin using the 
2-ΔΔCt method. The sequences of primers 
used for the qRT-PCR assays are listed 
(Supplementary Table 1). The 20 μL reaction 
system consisted of 10 μL of 2× SYBR Green 
Master Mix, 1 μL of cDNA template, 0.4 μL of 
each primer (10 μM), and 8.2 μL of ddH2O. The 
thermal cycling conditions were: 95°C for 30 s, 
followed by 40 cycles of 95°C for 5 s and 60°C 
for 30 s. Melting curve analysis was performed 
at the end of each run to confirm product speci-
ficity. Pigds was used as the endogenous refer-
ence gene for normalization.

Molecular docking

Target proteins associated with the disease 
were selected, and their known structures were 
obtained from the PDB database or predicted 
using AlphaFold3 for modelling. After optimiz-
ing the protein structures by removing water 
molecules and adding hydrogen atoms using 
AutoDock software, the structures were saved 
in .pdbqt format. The mol2 files of 1,615 small-
molecule compounds were extracted from the 
FDA database and converted into .pdbqt for-
mat using the MGTools utility. Docking param-
eters were set (center_x/y/z, size_x/y/z) in 
AutoDock Vina, and then batch docking was 
perfomed of the proteins with the small-mole-
cule compounds. The parameters were set as 
exhaustiveness = 30, num_mode = 9, and 
energy = 3. After sorting by binding energy, the 
top three compounds were selected for visual 
analysis. The 3D conformations were displayed 
using PyMOL, and 2D interaction diagrams 
were generated using LigPlus (with blue lines 
indicating hydrogen bonds and eyelash-like dia-
grams indicating hydrophobic interactions).

Statistical methods

All statistical analyses were conducted in the 
R-language (version 4.3), Relative mRNA exp- 
ression levels were quantified using the 2-ΔΔCt 

https://e-century.us/files/ijcep/19/7/ijcep0171268suppltab1.xlsx
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method and are presented as the mean ± stan-
dard deviation (SD) of four independent experi-
ments (n = 4). For comparisons between two 
groups (Normal vs. OA), Student’s t-test was 
applied. P < 0.05 was considered statistically 
significant. The significance levels for the aster-
isks used in the figures are defined as follows: 
*P < 0.05, **P < 0.01, ***P < 0.001.

Results

Single-cell analysis of synovial and infrapatel-
lar fat pads

First, we analyzed the distribution of cell char-
acteristics and the proportion of mitochondrial 
gene expression in single-cell RNA sequencing 
(Supplementary Table 2). The first part shows 
that the total UMI count (nCount_RNA) is posi-
tively correlated with the number of genes 
(nFeature_RNA), with a correlation coefficient 
of 0.9, indicating a strong correlation between 
cellular transcriptional activity and mitochon-
drial gene expression. The second part indi-
cates that the total UMI count is not significant-
ly negatively correlated with the proportion of 
mitochondrial gene expression (percent.mt) 
(correlation coefficient of -0.06), suggesting 
that both data quality and cell type differences 
are very distinct (Figure 2A). Principal compo-
nent analysis (PCA) was performed on the nor-
mal group and OA group to reduce dimensional-
ity and visualize the high-dimensional data, 
which helped better identify overall expression 
differences and potential biological variations 
between the samples. By observing the distri-
bution of samples on PC_1 and PC_2, we elimi-
nated the differences between samples and 
the effects of treatment on the cellular tran-
scriptome (Figure 2B). The heatmap illustrates 
the relationship between gene expression in 
single-cell RNA sequencing data and PCA. The 
figure lists the expression of multiple genes 
across different principal components (PC_1 to 
PC_4). The heatmap colours indicate the rela-
tive levels of gene expression, helping to iden-
tify associations between gene expression pat-
terns and principal components, which allowed 
us to analyse differences in cell types or states 
(Figure 2C). Finally, we used the t-distributed 
Stochastic Neighbor Embedding (t-SNE) dimen-
sionality reduction algorithm to show the distri-
bution and types of cells in single-cell RNA 
sequencing. The axes in the figure represent 
tSNE_1 and tSNE_2, with different colours and 

labels representing different cell types, such as 
monocytes, fibroblasts, stromal cells, and mac-
rophages. By observing the distribution of cells 
on the 2D plane, we demonstrated the tran-
scriptional heterogeneity and potential intercel-
lular interactions between these four cell types. 
Complementing our analysis and aiding in the 
identification of specific cell types. We found 
that macrophages appeared only in the OA 
group for OA, which should be closely related to 
anti-inflammatory effects (Figure 2D).

Cell interaction analysis

We first analysed the number of interactions 
between the four cell types and observed that 
monocytes and stromal cells had the highest 
number of interactions (Figure 3A). We then 
analysed the interaction strength among the 
four types of cells and found that the highest 
interaction strength was also between mono-
cytes and stromal cells (Figure 3B). This indi-
cates that these two types of cells play an 
important role in cell-to-cell interactions. Th- 
rough the cell communication bubble chart, we 
displayed the connections and interactions 
between the four cell types via ligands and 
receptors, which play a key role in biological 
processes such as immune regulation, tissue 
repair, cell signalling, and metabolic regulation 
(Figure 3C; Supplementary Table 3). Subse- 
quently, we analysed the differentiation or 
state transition trajectories of the four types of 
cells using pseudo time analysis of single-cell 
RNA sequencing data. By projecting cells into a 
low-dimensional space and ordering them by 
pseudo time, we revealed the dynamic gene 
expression patterns and key nodes during cell 
differentiation or state changes, which helps to 
understand the mechanisms of cell fate deter-
mination (Figure 3D). We found that the trans-
formation processes of monocytes, fibroblasts, 
stromal cells, and macrophages begin with 
stromal cells differentiating into monocytes at 
different nodes, and then into macrophages 
and fibroblasts at different time points in OA 
(Figure 3E).

MR analysis of differential genes in single cells

In order to identify marker genes in each type 
of cell and genes that have a causal relation-
ship with OA, we conducted MR analysis for 
screening (Supplementary Table 4). In fibro-
blasts, 8 differentially expressed genes (DEGs) 

https://e-century.us/files/ijcep/19/7/ijcep0171268suppltab2.xlsx
https://e-century.us/files/ijcep/19/7/ijcep0171268suppltab3.xlsx
https://e-century.us/files/ijcep/19/7/ijcep0171268suppltab4.xlsx
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Figure 2. Single-cell analysis of synovium and infrapatellar fat pad. A. Characteristic distribution of cells and mito-
chondrial gene expression in single-cell RNA sequencing. B. PCA plot of the normal group and OA group. C. Gene 
expression heatmap from single-cell RNA sequencing data. D. t-SNE plot from single-cell analysis.
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were found to have a causal relationship with 
OA. Among them, 7 genes (EMILIN2, EPDR1, 
IL15, PITPNM1, SAMD12, LRRN3, and PTGDS) 
have a detrimental effect on the disease. Whi- 
ch means that the incidence of OA increases 
with the upregulation of these genes Only  
INSR has a protective effect, with the incidence 
of the disease decreasing as its expression 
level increases (Figure 4A, 4B). In monocytes, 
11 genes were found to have a causal rela- 
tionship with OA. Seven genes (ANKMY1, 
DPEP2, GRAMD4, LRRN3, IQGAP2, RASA4B, 
and PTGDS) have a detrimental effect on the 
disease, while four genes (A4GALT, GSDMB, 
MYOM1, and INSR) have a protective effect 
(Figure 4C, 4D). In stromal cells, three genes 
(LRRN3, PTGDS, and TRAF3IP3) were found to 
have a causal relationship with OA, and all of 
them have a detrimental effect on the disease 
(Figure 4E, 4F).

Bioinformatics analysis of differential genes

The VN plot shows the number and proportion 
of DEGs in the three types of cells, with a total 
of 18 DEGs. Among these, LRRN3 and PTGDS 
are present in all three cell types (Figure 5A). 
Through GO analysis using circle and bubble 
plots, we identified the functions of these ge- 
nes, revealing significant enrichment in biologi-
cal processes such as lipid metabolism, signal 
transduction regulation, and inflammatory ne- 
crosis. Additionally, cellular components such 
as cytoskeleton structure and membrane con-
tact sites, as well as molecular functions like 
phosphatidylinositol binding and transfer, also 
showed significance in the dataset, indicating 
that these processes and functions play impor-
tant roles in OA disease (Figure 5B, 5C). In the 
Kyoto Encyclopedia of Genes and Genomes 
(KEGG) analysis, the DEGs were significantly 
enriched in the biosynthesis of glycosphingolip-
ids (lacto and neolacto series, globoseries,  
and isogloboseries), the cytosolic DNA-sensing 
pathway, and the Ras signaling pathway. These 
pathways are involved in key biological pro-
cesses such as lipid metabolism, immune 
response, and cellular signaling (Figure 5D).

Diagnostic significance of differentially ex-
pressed genes and drug target screening 
analysis

PPI analysis revealed that these DEGs may play 
important molecular functions in lipid metabo-
lism, signal transduction, and cell membrane 
structure, which holds significant value in the 
research of OA disease mechanisms, drug tar-
get discovery, and biological process analysis 
(Figure 6A). In the ceRNA network, we identi-
fied four genes, GRAMD4, SAMD12, IL15, and 
PITPNM1, which could serve as diagnostic bio-
markers for OA (Figure 6B; Supplementary 
Table 5). Through the gene and drug prediction 
network, the three genes PTGDS, SAMD12, and 
INSR interact with multiple drugs, which have 
potential application value in inflammatory  
diseases or other metabolic diseases and can 
be considered as drug targets (Figure 6C; 
Supplementary Table 6). The bar chart of drug-
gene interactions illustrates the interactions 
between drugs and genes. Glargine may inter-
act with INSR to regulate insulin signaling. 
GSK2220400A, GSK2110236A, GSK11738- 
62A, GSK1326255, and GSK2213727A may 
interact with PTGDS, SAMD12, or INSR to regu-
late inflammation, immune response, or meta-
bolic processes. CHROMIUM and retinol may 
influence gene expression by regulating meta-
bolic processes (Figure 6D).

Single-gene MR analysis of core genes

The scatter plots of single genes indicate the 
causal relationship between each gene and OA. 
We performed single-gene MR analysis on six 
genes: GRAMD4, IL15, PITPNM1, PTGDS, 
SAMD12, and INSR. The results showed that 
only INSR had a protective effect on OA, while 
the other five genes had a promoting effect on 
OA (Figure 7A-F). To ensure the reliability of the 
data, we conducted sensitivity analyses for 
each gene. All six genes passed the sensitivity 
tests, indicating the reliability of the data (Table 
1).

qRT-PCR validation of core genes

In our experimental system, we further validat-
ed our findings. The qRT-PCR results indicated 

Figure 3. Cell interaction analysis of single-cell RNA sequencing data. A. Cell count interaction plot from single-cell 
RNA sequencing. B. Cell intensity interaction plot from single-cell RNA sequencing. C. Cell communication bubble 
plot from single-cell RNA sequencing. D. Pseudotime trajectory plot of single-cell RNA sequencing data. E. Cell dif-
ferentiation trajectory plot from single-cell RNA sequencing data.

https://e-century.us/files/ijcep/19/7/ijcep0171268suppltab5.xlsx
https://e-century.us/files/ijcep/19/7/ijcep0171268suppltab5.xlsx
https://e-century.us/files/ijcep/19/7/ijcep0171268suppltab6.xlsx


Single-cell analysis of synovium-IFP for OA pathogenic genes and drug targets

313	 Int J Clin Exp Pathol 2026;19(7):304-323



Single-cell analysis of synovium-IFP for OA pathogenic genes and drug targets

314	 Int J Clin Exp Pathol 2026;19(7):304-323

Figure 4. MR Analysis of DEGs in single cells. A. Volcano plot of MR analysis of DEGs in fibroblasts. B. Forest plot 
of MR analysis of DEGs in fibroblasts. C. Volcano plot of MR analysis of DEGs in monocytes. D. Forest plot of MR 
analysis of DEGs in monocytes. E. Volcano plot of MR analysis of DEGs in stromal cells. F. Forest plot of MR analysis 
of DEGs in stromal cells.

Figure 5. Biological function analysis of DEGs. A. VN plot of DEGs in three cell types. B. Circle plot of GO analysis for 
DEGs. C. Bubble plot of GO analysis for DEGs. D. Bubble plot of KEGG analysis for DEGs.

the expression differences of the six genes 
between the normal and OA groups. GRAMD4, 
IL15, PITPNM1, PTGDS, and SAMD12 showed 
increased expression in the OA group com-
pared to the normal group, while INSR showed 
the opposite trend, with decreased expression 
in the OA group (Figure 8A-F). This is consistent 
with the trend observed through single-gene 
MR analysis.

Virtual screening and molecular docking 
analysis

Virtual screening is a key technology in comput-
er-aided drug design, used to screen com-
pound libraries to identify potential drug candi-

dates. The results show that candidate mole-
cules affect DLGAP5 activity through hydrogen 
bonding (e.g., with residue A) and hydrophobic 
interactions (e.g., with residue B). The docking 
results and binding energy data are stored in 
the designated folder, and the Excel file 
includes ZINC IDs and SMILES information for 
traceability. Subsequently, screening of the 
FDA library identified the top three small mole-
cules with the highest binding scores to INSR: 
CHEBI:85188, NALEDMEDINE, and Lomitapide, 
with binding energies of -12.9 kcal/mol, -11.8 
kcal/mol, and -11.7 kcal/mol, respectively 
(Table 2; Figure 9A-C). The top three small mol-
ecules binding to PTGDS were: Netupitant, 
glimepiride, and Lumacaftor, with binding ener-
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Figure 6. Diagnostic significance of DEGs and drug target screening analysis. A. PPI network of DEGs. B. ceRNA 
network of core genes. C. Network of drug prediction for core genes. D. Bar chart of drug prediction for core genes.

gies of -11.6 kcal/mol, -11.4 kcal/mol, and 
-11.2 kcal/mol, respectively (Table 2; Figure 
9D-F). The top three small molecules binding to 
SMAD12 were: Lumacaftor, SAQUINAVIR, and 
NALEDMEDINE, with binding energies of -9.6 
kcal/mol, -8.9 kcal/mol, and -8.9 kcal/mol, 
respectively (Table 2; Figure 9G-I). These find-
ings suggest potential candidates for further 
research as OA therapeutic agents.

Discussion

This study identified fibroblasts, monocytes, 
stromal cells, and macrophages as key cell 

populations in OA through single-cell clustering 
analysis and cell annotation. Pseudotime anal-
ysis of these cell populations showed that, 
starting from monocytes, stromal cells, and 
fibroblasts, after passing through the OA node, 
one branch exhibited a decrease in fibroblasts, 
while the other branch, based on the reduction 
of fibroblasts, differentiated into macrophages 
at the end of the pseudotime sequence. 
Combined with the results of single-cell analy-
sis, these four types of cells demonstrated a 
complex interaction network within the tissue 
microenvironment. The differentiation process 
of monocytes is subject to regulation by stro-
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Figure 7. Single-gene MR analysis of core genes. A-F. Scatter plots of MR analysis for six genes: GRAMD4, IL15, PITPNM1, PTGDS, SAMD12, and INSR.
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Table 1. Details of the sensitivity analyses for the six core genes

Exposure Outcome Heterogeneity tests
MR-Egger/IVW Cochran’s Q (P value )

Directional horizontal 
pleiotropy test

MR-PRESSO results 
Global Test/P value

GRAMD4 OA 0.094 (0.758)/0.273 (0.872) 0.744 2.854/0.775
IL15 OA 2.263 (0.322)/2.552 (0.465) 0.663 4.420/0.583
INSR OA 0.084 (0.771)/0.328 (0.848) 0.707 2.144/0.231
PITPNM1 OA 0.354 (0.949)/1.464 (0.832) 0.369 2.604/0.793
PTGDS OA 0.369 (0.543)/0.374 (0.829) 0.952 2.654/0.787
SAMD12 OA 1.955 (0.376)/2.585 (0.459) 0.510 3.212/0.632

Figure 8. qRT-PCR analysis of the expression differences of six genes between the normal and OA groups. A. 
GRAMD4 expression was significantly up-regulated in the OA group (1.9-fold of control, P < 0.01). B. IL15 expression 
was markedly elevated in the OA group (5.0-fold of control, P < 0.01). C. INSR expression was significantly down-
regulated in the OA group (0.3-fold INS control, P < 0.01). D. PITPNM1 expression was substantially increased in the 
OA group (2.1-fold of control, P < 0.01). E. PTGDS expression was notably up-regulated in the OA group (1.5-fold PTG 
control, P < 0.01). F. SAMD12 expression was significantly elevated in the OA group (3.0-fold xpr control, P < 0.01). 
Data are expressed as mean ± SD. n = 4 per group. *P < 0.05, **P < 0.01, ***P < 0.001.

mal cells, acting as the precursor cells of mac-
rophages [20]. In OA, articular cartilage fibrosis 
is one of the key pathological features [21]. 
Based on the results of single-cell clustering 
analysis, we hypothesize that there may be a 
malignant cycle signaling axis in the fibrosis 
process of OA, composed of monocytes → 
macrophages → fibroblasts → stromal cells. 
This axis may promote the pathological pro-

gression of OA by regulating cell differentiation 
and functional states.

The results of single-cell annotation showed 
that the differentiation of macrophages only 
occurred in OA samples, which is consistent 
with previous studies that macrophages have 
lower activity and number in non-OA samples, 
and their ability to clear apoptotic cells (effero-
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Table 2. Docking results of 3 proteins with small molecules

Target Structure ID Drug PubChem Binding Energy 
(kcal/mol)

INSR 5HHW (PDB) CHEBI:85188 68498031 -12.9
NALEDMEDINE 54732242 -11.8

Lomitapide 9853053 -11.7
PTGDS 3O22 (PDB) Netupitant 6451149 -11.6

glimepiride 3476 -11.4
Lumacaftor 16678941 -11.2

SMAD12 Q8N8I0 (AlphaFold) Lumacaftor 16678941 -9.6
SAQUINAVIR 441243 -8.9

NALEDMEDINE 54732242 -8.9
The lower the binding energy, the better the binding effect and the higher the affinity.

cytosis) is not significantly inhibited [22]. Stu- 
dies have shown that pro-inflammatory M1 
macrophages dominate in OA synovium, where 
they exacerbate cartilage destruction and sy- 
novitis through the secretion of inflammatory 
factors such as IL-1β and TNF-α [23]. Existing 
research has confirmed that fibroblasts and 
macrophages are central to the development  
of fibrosis [24], and intermediate fibroblasts 
(biglycan-positive) in the OA synovium, together 
with macrophages, promote fibrosis through 
APOE signaling [10]. APOE not only directly 
accelerates the degradation of cartilage pro-
teoglycans but also stimulates fibroblasts to 
secrete collagen I. these findings are consis-
tent with the results of our cell trajectory analy-
sis: during OA improvement, the number of 
fibroblasts decreases, while macrophage dif-
ferentiation significantly increases in the OA 
progression branch.

Using MR analysis, 18 key core genes were 
identified. Through KEGG and GO enrichment 
analyses, we found that these genes were  
relatively evenly distributed in terms of their 
impact on biological processes and cellular 
components, but at the molecular function 
level, the DEGs were significantly enriched in 
phospholipid binding functions and highly 
enriched in the Ras signaling pathway. Previous 
studies have confirmed that the Ras-related 
protein Rab-1a affects chondrocyte metabolic 
homeostasis by regulating autophagy, and that 
autophagy dysfunction is a key factor in OA  
cartilage degeneration [25]. In addition, through 
ceRNA analysis and drug enrichment analysis, 
we identified four diagnostic marker genes 
(GRAMD4, IL15, PITPNM1, SMAD12) and three 

potential drug target gen- 
es (SMAD12, PTGDS, INSR) 
from the DEGs.

PITPNM1, as a membrane-
associated phosphatidylin- 
ositol transfer protein, me- 
diates the transmembrane 
transport of phosphatidy- 
linositol and phosphatidic 
acid through its PITP do- 
main, regulating membr- 
ane contact site signaling 
and lipid homeostasis. Its 
dysfunction may promo- 
te oxidative stress-induced 

senescence in chondrocytes through the AKT/
ERK signaling pathway, thereby driving the  
progression of OA [26-29].

IL-15 exerts anti-tumor effects in tumor immu-
nity by activating NK cells and CD8+ T cells 
[30], and is abnormally overexpressed in OA 
chondrocytes [31]. This suggests that inhibi-
tors targeting IL-15 in cancer, such as siRNA or 
NIZ985 [32], may also have a role in joint tar-
geting intervention.

GRAMD4, a member of the cholesterol trans-
port protein family, regulates the TAK1-NF-κB/
MAPK signaling axis through its GRAM/VASt 
domain [33-35]. Its dysfunction may partici-
pate in the inflammation-metabolism imbal-
ance of OA by mediating cholesterol metabolic 
reprogramming and epigenetic modifications 
(such as histone ubiquitination) [36]. These 
findings reveal new molecular nodes between 
lipid metabolism, inflammation, and cartilage 
homeostasis regulation. Future studies need to 
further dissect the spatiotemporal regulatory 
network of these nodes, explore collaborative 
intervention strategies between lipidome repro-
gramming and inflammation pathways, and 
develop joint-specific therapeutic approaches 
based on precise delivery technologies.

INSR, as a core receptor in the insulin signal- 
ing pathway, may mediate apoptosis inhibition 
(Caspase-3/Bcl-2 axis) and obesity-related in- 
sulin resistance through Circ-INSR, exacerbat-
ing joint inflammation and cartilage metabolic 
disorders. Targeted intervention of Circ-INSR 
overexpression or S-nitrosylation regulated by 
SCAN enzymes may simultaneously improve 
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Figure 9. Molecular docking and drug target prediction results. A-C. Molecular docking images and ligand interac-
tion diagrams of INSR with CHEBI:85188, NALEDMEDINE, and Lomitapide. D-F. Molecular docking images and 
ligand interaction diagrams of PTGDS with Netupitant, glimepiride, and Lumacaftor. G-I. Molecular docking images 
and ligand interaction diagrams of SMAD12 with Lumacaftor, SAQUINAVIR, and NALEDMEDINE.
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metabolism and joint degeneration [27, 37, 38]. 
PTGDS regulates neuronal sensitization and 
pain-promoting factors (such as PGE2) by cata-
lyzing PGD2 production. Inhibition of its activity 
can induce ferroptosis and delay cartilage deg-
radation. Its inhibitor AT-56 shows synergistic 
efficacy in pain models and lymphoma, indicat-
ing its potential for multi-pathway intervention. 
Network analysis of drug targets suggests that 
PTGDS may be a regulatory hub at the intersec-
tion of inflammation, cell death, and metabo-
lism pathways [39, 40]. Molecular docking re- 
sults indicate that CHEBI:85188, Lomitapide, 
Netupitant, Glimepiride, Lumacaftor, and NA- 
LEDMEDINE have high binding scores with the 
two genes mentioned above. SMAD12, as an 
inhibitory SMAD, may influence the OA process 
by regulating chondrocyte differentiation or 
matrix metabolism. Molecular docking results 
suggest that SMAD12 has high binding scores 
with Lumacaftor, SAQUINAVIR, and NALED- 
MEDINE, indicating its potential as a diagnos- 
tic marker or therapeutic target. However, the- 
se findings still need further experimental va- 
lidation.

Non-steroidal anti-inflammatory drugs (NSA- 
IDs), acetaminophen, and intra-articular injec-
tion of glucocorticoids or hyaluronic acid remain 
commonly used first-line or second-line treat-
ment methods in clinical practice. The European 
Society for the Clinical and Economic Aspects 
of Osteoporosis, Osteoarthritis and Musculo- 
skeletal Disorders (ESCEO) recommends a mul-
timodal, multi-component and multidisciplinary 
combined treatment strategy, such as the com-
bination of cartilage protectants (SYSADOAs) 
with NSAIDs, or the combination of NSAIDs with 
weak opioids [41]. Some drugs originally used 
for other diseases have also shown new uses in 
knee osteoarthritis. For example, oral metfor-
min significantly relieves knee pain in over-
weight or obese patients with knee osteoarthri-
tis [42]; GLP-1 receptor agonists such as tirz-
epatide and semaglutide not only lead to sig-
nificant weight loss but also alleviate pain [43]. 
Unlike previous studies, the present resear- 
ch identified lumacaftor and naldemedine as 
multi-target candidate drugs for OA, which have 
not been reported in previous OA drug repur-
posing studies. The integrative drug target 
analysis revealed that Lumacaftor and Nale- 
dimedine can exhibit high binding affinity to two 
key genes. Lumacaftor is currently mainly used 

to treat patients with cystic fibrosis carrying the 
F508del-CFTR mutation [44]. Naledimedine, as 
an oral peripheral μ-opioid receptor antagonist, 
is primarily used to relieve opioid-induced con-
stipation [45]. In addition, studies have shown 
that the combination of μ-receptor agonists 
and δ-receptor antagonists (such as UFP-505) 
can enhance analgesic effects and reduce the 
risk of tolerance [46]. This finding suggests that 
optimizing drug strategies through receptor 
combinations may provide a new direction for 
the treatment of OA.

This study has yielded some meaningful results, 
but there are still some limitations. The hetero-
geneity of public database data (differences  
in experimental design, population representa-
tiveness bias, and missing non-coding regula-
tory data) may weaken the credibility of the 
results. The instrumental variable assumptions 
in MR analysis are at risk (horizontal pleiotropy 
interference, insufficiently resolved tissue-spe-
cific regulatory mechanisms, and effect estima-
tion bias caused by differences in linkage dis-
equilibrium patterns). The experimental valida-
tion system is inadequate (only qRT-PCR valida-
tion, limitations of animal models, lack of crys-
tal structure validation and high-throughput 
screening for drug target prediction). The drop-
out effect of single-cell data and the P-value 
threshold setting in GWAS analysis may miss 
biologically meaningful variants. Future resea- 
rch still needs to integrate multi-omics data 
and conduct multidimensional experimental va- 
lidation.

Conclusions

We successfully identified and validated sever-
al core pathogenic genes and potential drug 
target genes associated with OA through inte-
grated bioinformatics analyses and experimen-
tal validation. These findings provide valuable 
insights into the molecular mechanisms under-
lying OA and highlight promising therapeutic 
targets for the future development of OA-specific 
drugs.
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