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Abstract: Background: Osteoarthritis (OA) is a chronic joint disease marked by 
inflammation of the synovium, subchondral bone sclerosis, and cartilage 
deterioration. Although its underlying molecular mechanisms remain incompletely 
elucidated, tumour necrosis factor superfamily member 11 (TNFSF11) has been 
closely linked to the pathophysiology of OA. Elucidating the specific role of 
TNFSF11 may facilitate the development of novel diagnostic strategies and 
therapeutic interventions for OA. Methods: This study examined TNFSF11’s 
function in OA using integrated bioinformatics. Transcriptome data of synovial 
tissues from OA patients and control (CON) subjects were retrieved from the Gene 
Expression Omnibus (GEO) database. The diagnostic value of TNFSF11 and 
differentially expressed genes (DEGs) was evaluated. TNFSF11-related genes were 
identified using weighted gene co-expression network analysis (WGCNA) and 
protein-protein interaction (PPI) analysis, results of which were confirmed by 
molecular docking. Immune cell infiltration and biological pathways were 
investigated using CIBERSORTx and functional enrichment analysis. TNFSF11-
targeting medications were predicted using DrugBank. The causal associations 
between TNFSF11 and its target genes and OA were evaluated using two-sample 
Mendelian randomisation (MR) methodology. The expression of genes in clinical 
samples was verified using quantitative real-time polymerase chain reaction (qRT-
PCR). Results: TNFSF11 was significantly upregulated in OA synovial tissues and 
demonstrated good diagnostic potential. A total of 372 TNFSF11-related genes 
were identified, among which 18 directly interacted with TNFSF11—findings that 
were validated by molecular docking. Functional enrichment was associated with 
immune response, cell adhesion, and matrix degradation pathways. TNFSF11 
expression correlated with immune infiltration, particularly CD4 memory resting T 
cells, activated NK cells, and M0 macrophages. Four drugs (AMGN-0007, 
denosumab, lenalidomide, and thiocolchicoside) were predicted to target TNFSF11 
with strong binding affinities. MR analysis revealed that CTSK, SPP1, and 
TBXAS1 were protective factors (all p < 0.05), while FCGR1A, MMP1, MMP9,  
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 TNFRSF11A, and TNFSF11 were risk factors for OA (all p < 0.05). qRT-PCR 
validation confirmed significant upregulation of TNFSF11, TNFRSF11A, FCGR1A, 
MMP1, and MMP9 in OA samples (all p < 0.05), which was consistent with 
bioinformatics findings. Conclusions: TNFSF11 plays a critical role in OA 
pathogenesis by regulating target genes, immune cell infiltration, and inflammatory 
pathways. These findings offer novel insights into the function of TNFSF11 in OA 
and identify potential therapeutic targets for OA management. 

 Keywords: osteoarthritis; TNFSF11; WGCNA; PPI; immune infiltration; bioinformatics 
analysis; drug prediction 

1. Introduction 

Osteoarthritis (OA) is a complicated degenerative joint disease that results from complex interactions 
between various articular tissues and cellular components. It is characterised by progressive cartilage degradation, 
persistent synovial inflammation, subchondral bone remodelling, and osteophyte development [1]. Global 
epidemiological surveillance demonstrates escalating disease prevalence aligned with demographic aging. 
Notably, OA currently afflicts approximately 300 million individuals worldwide, imposing substantial 
socioeconomic burdens and profoundly compromising patient quality of life [2]. Despite extensive investigative 
efforts, key predisposing factors have been identified, including hereditary susceptibility, chronological aging, 
adiposity, and biomechanical joint malalignment [3]. However, the comprehensive molecular architecture 
underlying OA pathogenesis remains incompletely deciphered. 

Disease progression involves convergent dysregulation across multiple biological axes: inflammatory 
cascades, chondrocyte metabolic perturbations, aberrant mechanotransduction, and extracellular matrix 
catabolism. The NF-κB axis orchestrates the expression of matrix-degrading proteases 4–6. These includeing 
matrix metalloproteinases (MMPs), with MMP-13 serving as a key mediator of type II collagen degradation, as 
well as aggrecanases of the ADAMTS family, particularly ADAMTS-5 [4–6]. IL-1β-mediated NF-κB activation 
amplifies pro-inflammatory cytokine production, thereby perpetuating tissue destruction [7,8]. Additionally, the 
Notch signalling pathway has also been found to enhance the expression of MMPs [9,10]. The JAK/STAT 
signalling pathway promotes chondrocyte apoptosis and synovial cell proliferation, sustains local inflammatory 
responses, and induces the secretion of MMPs [11–14]. The Wnt/β-catenin signalling pathway is excessively 
activated in OA, leading to chondrocyte hypertrophy, terminal differentiation, and mineralisation, ultimately 
disrupting cartilage structure [15–17]. The TGF-β signalling pathway promotes chondrocyte proliferation and 
maintains cartilage homeostasis at low concentrations [18]. However, at high concentrations, it can stimulate fibrosis 
and osteophyte formation [19,20]. Reactive oxygen species (ROS) activate oxidative stress responses [21–25]. Such 
responses damage chondrocyte DNA and proteins, induce chondrocyte apoptosis, and accelerate matrix 
degradation. A decline in autophagic function is a hallmark of OA progression. Impaired autophagy leads to the 
accumulation of organelles and metabolic waste, exacerbating cell death. The overactivation of the 
PI3K/Akt/mTOR signalling pathway inhibits autophagy and promotes cell death [26]. The Toll-like receptor 
(TLR) pathway promotes inflammation by releasing IL-1β and IL-18 [27]. Thus, there are currently no 
interventions to slow the progression of the disease [28]. Existing treatments primarily alleviate symptoms but 
cannot halt disease progression fundamentally. Therefore, exploring the molecular mechanisms of OA 
pathogenesis and identifying new therapeutic targets to enhance clinical treatment outcomes is crucial. 

RANKL (TNFSF11) serves as a pivotal mediator of skeletal homeostasis by driving osteoclast maturation 
and activity. TNFSF11 triggers NF-κB signalling cascades, consequently upregulating osteoclastogenic gene 
expression programs [29]. Dysregulated TNFSF11 signalling contributes to osteoporosis, inflammatory 
arthropathies, and skeletal metastases [30–32]. Emerging evidence implicates TNFSF11 in OA pathophysiology, 
with elevated expression documented in diseased cartilage and synovium relative to healthy tissues [26,33]. 
TNFSF11 can stimulate the production of matrix-degrading enzymes in chondrocytes, such as MMPs and 
ADAMTS, leading to cartilage degradation [34]. In addition, TNFSF11 can promote the inflammatory response 
of OA by inducing the expression of pro-inflammatory cytokines and chemokines in synovial fibroblasts [35]. In OA 
animal models, inhibition of TNFSF11 signalling has been shown to alleviate cartilage degeneration and synovial 
inflammation [26]. These findings suggest that TNFSF11 may be a potential therapeutic target for OA. However, the 
comprehensive molecular mechanisms of TNFSF11 in the pathogenesis of OA and its relationship with other genes, 
pathways and microenvironment remain unclear, and its regulatory mechanisms require further elucidation. 
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Many factors affect joint and bone health, encompassing immunological networks, endocrine signalling, and 
microbial ecosystems. Immune surveillance primarily functions through the elimination of antigens and the 
maintenance of tissue equilibrium, serving as a critical guardian of physiological integrity. The innate immune 
system consists of cells and associated mechanisms that non-specifically resist infection [36]. During osteoarthritic 
pathogenesis, osteochondral elements engage in complex crosstalk with immunological mediators to preserve 
articular integrity. Inflammatory mediators cause tissue structural abnormalities in OA and aggravate OA cartilage 
damage [37,38]. Consequently, elucidating immune-cellular interactions across diverse tissue compartments 
during disease progression may unveil novel therapeutic approaches for OA management. 

This investigation employed integrated transcriptomic analysis to dissect TNFSF11-centred molecular 
mechanisms in OA. We systematically assessed TNFSF11 expression profiles and diagnostic utility, identified 
disease-associated gene networks through differential expression screening and weighted co-expression network 
analysis (WGCNA), constructed protein interaction architectures, validated molecular partnerships via 
computational docking, characterised functional pathway enrichment, quantified immune cell infiltration patterns, 
and predicted candidate pharmacological agents through database mining with docking-based binding validation. 
Our multidimensional analytical framework illuminates TNFSF11’s role in OA pathogenesis, identifies potential 
biomarkers and therapeutic targets, and establishes methodological paradigms applicable to the investigation of 
complex diseases. 

2. Methods 

2.1. Data Collection and Preprocessing 

Three independent transcriptome datasets, including GSE55235, GSE55457, and GSE82107, which 
encompass synovial tissue specimens derived from OA patients and healthy individuals, were obtained from the 
Gene Expression Omnibus (GEO) database (accessible at https://www.ncbi.nlm.nih.gov/geo/ (accessed on 23 
April 2024)). The first two datasets, GSE55235 and GSE55457, utilised the GPL96 microarray platform 
(Affymetrix Human Genome U133A Array, Affymetrix, Santa Clara, CA, USA), each comprising 10 osteoarthritic 
and 10 control specimens. The third dataset, GSE82107, utilised the GPL570 platform (Affymetrix Human 
Genome U133 Plus 2.0 Array, Affymetrix, Santa Clara, CA, USA) and comprised 10 disease and 7 healthy control 
samples. Initial data processing involved multiple standardisation steps, including background signal adjustment, 
probe-to-gene identifier mapping, and expression value normalisation. To enhance statistical robustness and 
analytical reliability, we integrated these three independent cohorts into a unified dataset using the 
“inSilicoMerging” package in the R programming environment. Technical variations arising from different 
experimental batches were addressed through the ComBat methodology, which simultaneously performed batch 
effect mitigation and median-centred normalisation across all datasets. The algorithm Robust Multi-array Average 
(RMA) was used for normalization. The effectiveness of this harmonisation procedure was confirmed through 
visual inspection of density distribution curves and dimensional reduction visualisation using the Uniform 
Manifold Approximation and Projection (UMAP) technique. 

2.2. Expression Profiling and Diagnostic Performance Evaluation 

To assess TNFSF11 transcript levels across OA and control (CON) cohorts, we employed the Wilcoxon rank-
sum test for statistical comparison within each individual dataset (GSE55235, GSE55457, GSE82107) as well as 
the integrated cohort. Expression distributions were graphically depicted using box-and-whisker plots for intuitive 
visualisation. The discriminative ability of TNFSF11 as a potential biomarker for OA was systematically evaluated 
through the construction of receiver operating characteristic (ROC) curves. Diagnostic accuracy was quantified by 
calculating the area under the curve (AUC), a comprehensive metric that assesses the classifier’s ability to 
differentiate between pathological and normal synovial tissues. 

2.3. Identification of TNFSF11-Associated Genes in OA 

A two-pronged strategy, integrating differential expression screening and weighted gene co-expression 
network analysis (WGCNA), was employed to identify genes functionally associated with TNFSF11 within the 
context of OA by leveraging a merged dataset. For the differential expression component, transcripts exhibiting 
substantial expression alterations between pathological and healthy specimens were filtered using stringent 
criteria: absolute fold change exceeding 1.5 and a statistical significance threshold of adjusted p-value < 0.05. The 
WGCNA methodology proceeded through a series of sequential computational steps. Initially, pairwise gene 
correlations were encoded in an adjacency matrix that quantified the strength of inter-node relationships. 
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Subsequently, an appropriate soft-thresholding power (β) was determined to convert this adjacency matrix into a 
topological overlap matrix, thereby establishing a scale-free network architecture characteristic of biological 
systems. Genes displaying coordinated expression profiles were aggregated into discrete modules through 
hierarchical clustering, complemented by a dynamic tree-cutting algorithm. To characterise the behaviour of 
individual modules, module eigengenes—serving as the primary principal component of each module’s expression 
profile—were derived. Correlation analyses were subsequently performed to assess relationships between each 
module and two variables: disease status and the abundance of TNFSF11 transcripts. Modules demonstrating 
significant simultaneous correlations with disease phenotype and TNFSF11 expression were prioritised for 
subsequent investigation. The final candidate gene set was derived by intersecting module-resident genes with 
differentially expressed transcripts, yielding TNFSF11-associated genes specific to the pathophysiology of OA. 

2.4. Protein-Protein Interaction (PPI) Network Construction 

To elucidate the regulatory networks centred on TNFSF11 in OA, we mapped protein interactions for 
candidate genes from Section 2.3 using the STRING database (https://string-db.org/ (accessed on 27 April 2024)). 
The network topology was visualised with Cytoscape software (version 3.8.2; The Cytoscape Consortium, New 
York, NY, USA), highlighting direct binding partners and indirect functional associates of TNFSF11. These direct 
interactors were validated using several methods, including comparing expression levels between OA and CON 
groups via the Wilcoxon rank-sum test, assessing coordinated expression with Pearson correlation coefficients, 
and evaluating diagnostic potential through ROC curve analysis. 

2.5. Protein-Protein Interaction Validation via Molecular Docking 

To computationally validate predicted protein associations from the interaction network, we performed in 
silico docking simulations between TNFSF11 and its putative binding partners (BLNK, CD4, CSF1R, CTSK, 
FCGR1A, FCGR3A, FCGR3B, MMP1, MMP3, MMP9, OGN, SDC1, SPP1, TBXAS1, TNFRSF11A, TYROBP, 
VCAM1, TREM2). The three-dimensional crystallographic coordinates of all proteins were acquired from the 
RCSB Protein Data Bank (https://www.rcsb.org/ (accessed on 29 April 2024)). Docking was performed using the 
HDOCK web server (http://hdock.phys.hust.edu.cn/ (accessed on 11 May 2024)) following the validated protocol 
of Yan et al. [39]. Simulation parameters included human species specification, physiological pH (7.4), and the 
balanced scoring function implemented within HDOCK, with all remaining settings retained at server defaults. 
Binding interaction strength was evaluated using the HDOCK dimensionless docking score, where increasingly 
negative values reflect a higher predicted likelihood of interaction; critically, these scores represent a 
computational scoring function output and must not be interpreted as binding free energies in kcal/mol. Docking 
reliability was assessed using the confidence score (values >0.7 indicate reliable predictions). Molecular 
interaction interfaces of the five top-ranked complexes were visualised using PyMOL (version 2.3; Schrödinger, 
LLC, New York, NY, USA), enabling detailed examination of hydrogen bonds, hydrophobic contacts, and van 
der Waals interactions. 

2.6. Functional Enrichment and Pathway Analysis 

To clarify the biological mechanisms and molecular signalling pathways associated with TNFSF11 in the 
development of OA, we performed systematic functional annotation of genes within the protein-protein interaction 
network using the DAVID (Database for Annotation, Visualisation and Integrated Discovery) bioinformatics 
resource (https://david.ncifcrf.gov/ (accessed on 27 May 2024)). Significantly enriched Gene Ontology (GO) 
terms—including biological processes, cellular components, and molecular functions—along with Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathways were identified using a statistical cutoff of p < 0.05. 
Additionally, complementary gene set enrichment analysis (GSEA) was performed to confirm the differential 
activation of these pathways between the comparison groups. OA specimens were divided into high- and low-
TNFSF11 expression groups based on the median expression value as the cut-off. Enrichment analyses were 
performed for two separate comparisons: disease versus control specimens, and TNFSF11-high versus TNFSF11-
low OA samples. The analysis utilised the “GSEA” R package, with previously identified KEGG pathways serving 
as reference gene sets. The significance of pathway activation was evaluated through normalised enrichment scores 
(NES) along with their p-values. 
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2.7. Immune Cell Infiltration Profiling 

To characterise the immune landscape within synovial tissues, we employed CIBERSORTx (https://cibersortx. 
stanford.edu/ (accessed on 27 April 2024)), a computational deconvolution method that leverages machine learning 
algorithms to infer the relative abundances of 22 distinct immune cell populations from bulk transcriptomic 
profiles. This approach enabled quantitative assessment of immune cell composition across individual OA and 
control specimens. Statistical comparison of cellular infiltration patterns between disease and healthy cohorts was 
conducted using the Wilcoxon rank-sum test. Additionally, Pearson correlation coefficients were calculated to 
investigate intercellular relationships among immune populations and to assess the associations between TNFSF11 
expression levels and the frequencies of individual immune cell subsets. 

2.8. Drug Prediction and Molecular Docking Validation 

Candidate pharmacological agents targeting TNFSF11 were identified through systematic interrogation of 
the DrugBank database (https://go.drugbank.com/ (accessed on 22 August 2024)). Computational docking 
simulations were subsequently performed to assess binding feasibility between predicted compounds and 
TNFSF11. Candidate drugs were assessed for binding to TNFSF11 using two approaches matched to drug type. 
For the macromolecular therapeutic agents denosumab and AMGN-0007, protein–protein docking was performed 
using the HDOCK web server 39, following identical protocols to those described in Section 2.5; binding interaction 
likelihood was quantified by the HDOCK dimensionless docking score. For the small-molecule candidates 
lenalidomide and thiocolchicoside, docking simulations were also conducted via HDOCK to allow direct score 
comparability across all four candidates; HDOCK output values are dimensionless and do not represent kcal/mol free 
energies. Interaction interfaces for all top-ranked complexes were visualised using PyMOL (version 2.3; Schrödinger, 
LLC, New York, NY, USA), and key stabilising contacts (hydrogen bonds, hydrophobic interactions, van der Waals 
forces) were characterised to inform the therapeutic potential of each candidate against TNFSF11. 

2.9. Mendelian Randomization Analysis 

To evaluate potential causal relationships between gene expression and OA susceptibility, we performed two-
sample Mendelian randomisation (MR) analysis. Genome-wide association study (GWAS) summary statistics for 
osteoarthritis outcome data were retrieved from the OpenGWAS repository (https://gwas.mrcieu.ac.uk/ (accessed 
on 30 April 2025)), specifically from dataset ukb-b-14486, which encompasses 424,461 healthy individuals and 
38,472 affected patients. Exposure variables comprised gene expression levels derived from blood expression 
quantitative trait loci (eQTL) datasets provided by the eQTLGen Consortium (31,684 participants). Seventeen 
candidate genes underwent MR examination: SPP1, TREM2, FCGR1A, TBXAS1, CSF1R, TYROBP, MMP9, 
TNFRSF11A, FCGR3B, FCGR3A, MMP1, VCAM1, BLNK, CTSK, CD4, SDC1, and TNFSF11. Genetic 
instruments were selected through stringent quality filters: (1) genome-wide significant gene-expression 
associations (p < 5 × 10−8); (2) independence assured via linkage disequilibrium pruning (r2 < 0.001, 10,000 kb 
windows); (3) instrument strength verified by F-statistics exceeding 10; and (4) pleiotropic variants directly 
influencing OA risk (p < 5 × 10−8) were excluded. The inverse variance weighted (IVW) approach constituted the 
primary analytical framework. 

2.10. Clinical Sample Collection and Quantitative Real-Time PCR Validation 

Synovial tissue specimens were prospectively collected from patients undergoing surgical procedures at The 
Second Xiangya Hospital of Central South University. Ethical approval for this experiment was obtained from the 
Ethics Committee of the Second Xiangya Hospital of Central South University, and all participants provided 
informed consent (Human Ethics Number: KYZ20250159). The study cohort comprised 10 patients with primary 
knee OA and 10 control (CON) patients without OA (Detailed demographic data was shown in Table S1). For the 
OA group, inclusion criteria were: (1) age ≥ 45 years; (2) diagnosis of primary knee OA according to American 
College of Rheumatology (ACR) criteria; (3) Kellgren-Lawrence radiographic grade ≥ 2; and (4) scheduled for 
knee arthroscopy or total knee arthroplasty. For the control group, inclusion criteria were: (1) age ≥ 45 years; (2) 
undergoing arthroscopic surgery for traumatic meniscal tears or anterior cruciate ligament injuries; (3) no clinical 
or radiographic evidence of OA (Kellgren-Lawrence grade 0); and (4) no history of inflammatory joint diseases. 
Exclusion criteria for both groups included secondary OA, inflammatory arthropathies, intra-articular 
corticosteroid injections within 3 months, systemic corticosteroid or immunosuppressive therapy within 6 months, 
active malignancy or history of cancer within 5 years, severe hepatic or renal dysfunction, infectious diseases, and 
previous knee surgery on the same joint within 1 year. Synovial tissue samples (approximately 50–100 mg) were 

https://cibersortx.stanford.edu/
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obtained from the suprapatellar pouch region during surgery, immediately snap-frozen in liquid nitrogen, and 
stored at −80 °C until analysis. Total RNA was extracted using TRIzol reagent (Invitrogen, Thermo Fisher 
Scientific, Waltham, MA, USA), with RNA quality assessed by spectrophotometry (A260/A280 ratio 1.8–2.0). 
First-strand cDNA synthesis was performed using the PrimeScript RT reagent kit (Takara Bio Inc., Kusatsu, Japan) 
with 1 μg total RNA. Quantitative real-time PCR was conducted using TB Green Premix Ex Taq (Takara Bio Inc., 
Kusatsu, Japan) with the following thermal cycling conditions: initial denaturation at 95 °C for 30 s, followed by 
40 cycles of 95 °C for 5 s and 60 °C for 30 s. Each sample was analyzed in triplicate, and melting curve analysis 
verified amplification specificity. Primer sequences for target genes (TNFSF11, TNFRSF11A, FCGR1A, MMP1, 
MMP9) and the endogenous reference gene GAPDH are provided in Supplementary Materials Table S2. Relative 
gene expression levels were calculated using the 2−ΔΔCt method with GAPDH normalization. Statistical 
comparisons between groups were performed using independent t-tests for normally distributed data or Mann-
Whitney U tests for non-normally distributed data, with p < 0.05 considered statistically significant. 

3. Results 

3.1. Integration Quality Assessment of Multi-Cohort Transcriptomic Data 

Following computational harmonisation of the three independent datasets (GSE55235, GSE55457, and 
GSE82107), we evaluated integration quality through multiple visualisation approaches. Density distribution 
analyses (Figure 1A,B) demonstrated substantial convergence of expression profiles across batches, with individual 
sample distributions exhibiting high concordance regardless of original cohort assignment. Dimensional reduction 
via UMAP (Figure 1C,D) further confirmed successful integration, revealing thorough intermixing of specimens 
from distinct experimental batches without discernible batch-driven segregation patterns. These quality metrics 
validated the efficacy of the ComBat harmonisation algorithm, establishing a unified analytical framework 
comprising 30 osteoarthritic and 27 healthy synovial specimens suitable for downstream comparative investigations. 

 

Figure 1. Evaluation of batch effect correction for integrated datasets. (A) Density distribution of the sample 
expression before correction in different batches. (B) Density distribution of the sample expression after correction 
in different batches. (C) UMAP plot of all samples before correction. (D) UMAP analysis of all samples after 
removing batch effects. 

3.2. Differential Expression and Diagnostic Value of TNFSF11 

TNFSF11 expression levels were significantly elevated in OA samples relative to control specimens across 
the GSE55235, GSE55457, and GSE82107 datasets, as well as the integrated dataset (p < 0.05) (Figure 2A–D). 
ROC curve analysis demonstrated that the AUC values of TNFSF11 for OA diagnosis were 1.00, 0.780, 0.800, 
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and 0.878 in GSE55235, GSE55457, GSE82107, and the integrated dataset, respectively (Figure 2E–H), 
suggesting that TNFSF11 exhibits high diagnostic utility for OA. 

 

Figure 2. Differential expression and diagnostic value analysis of TNFSF11 in OA and CON synovial tissues. (A) 
Differential expression analysis of TNFSF11 based on GSE55235. (B) Differential expression analysis of 
TNFSF11 based on GSE55457. (C) Differential expression analysis of TNFSF11 based on GSE82107. (D) 
Differential expression analysis of TNFSF11 based on the integrated dataset. (E–H) ROC curve analyses assessing 
TNFSF11 diagnostic performance for OA across GSE55235 (E), GSE55457 (F), GSE82107 (G), and the integrated 
cohort (H). The statistical analysis was performed using the Wilcoxon rank-sum test for the abovementioned 
comparison (p < 0.05). 

3.3. Identification of TNFSF11-Related Genes in OA 

Differential expression screening revealed 1432 transcripts exhibiting significant abundance changes 
between disease and control cohorts (751 elevated, 681 reduced in OA; |fold change| > 1.5, adjusted p < 0.05) 
(Figure 3A,B). For weighted co-expression network construction, a soft-thresholding power β of 9 was selected to 
achieve a scale-free topology (Figure 3C). Implementing the DynamicTreeCut algorithm with parameters 
(minimum module membership: 30 genes; split sensitivity: 3; merge threshold: 0.25), we identified 25 distinct co-
expression modules designated by colour nomenclature: midnight blue, dark orange, red, dark green, dark 
turquoise, royal blue, saddle brown, light cyan, cyan, dark magenta, orange, green yellow, light yellow, pale 
turquoise, brown, turquoise, pink, blue, grey60, dark olive green, black, dark red, light green, steel blue, and grey 
(Figure 3D). Eigengene network analysis confirmed module independence, with inter-module distances exceeding 
0.25 (Figure 3E). Correlation profiling between module eigengenes and both disease status and TNFSF11 
transcript levels identified six modules (blue, cyan, pink, grey, saddle brown) demonstrating dual significant 
associations (|r| > 0.5, p < 0.05), collectively encompassing 1318 transcripts (Figure 3F). Intersection of these 
module constituents with differentially expressed genes yielded 372 candidate genes representing the TNFSF11-
associated transcriptional signature in OA (Figure 3G). 

3.4. PPI Network of TNFSF11-Related Genes 

Protein interaction mapping of the OA-associated gene set generated a network comprising 280 protein nodes 
interconnected through 1450 documented associations (Figure 4A). Network topology analysis distinguished 18 
proteins exhibiting immediate functional or physical linkage to TNFSF11 (BLNK, CD4, CSF1R, CTSK, FCGR1A, 
FCGR3A, FCGR3B, MMP1, MMP3, MMP9, OGN, SDC1, SPP1, TBXAS1, TNFRSF11A, TYROBP, VCAM1, 
TREM2), while the remaining 268 nodes represented secondary-tier interactors, implying multi-level regulatory 
cascades potentially orchestrated by TNFSF11 during OA pathogenesis. Expression profiling of the 18 direct 
TNFSF11 partners revealed consistent upregulation in diseased versus healthy synovium (p < 0.05) (Figure 4B). Co-
expression analysis revealed predominantly positive correlations among these proteins, with TNFSF11 exhibiting 
coordinated expression patterns with all partners, except for FCGR3 (p < 0.05, R > 0) (Figure 4C). Diagnostic 
performance evaluation via receiver operating characteristic analysis confirmed the discriminatory capacity of 
these direct interactors, with each achieving an area under the curve value exceeding 0.6 (Figure 4D). 
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Figure 3. Screening of TNFSF11 co-expressed genes in OA. (A) Volcano plot showing DEGs between OA and CON groups. 681 genes were up-regulated and 751 genes were down-
regulated in OA group. (B) Heatmap of DEGs in OA and CON samples. (C) Relationship between different soft thresholds (power values) and the fitting index R2 (y-axis) and mean 
connectivity (mean node degree, x-axis) of the network. (D) Gene clustering tree and co-expression module division. (E) Clustering diagram of module eigengenes (MEs) and 
connectivity heatmap between modules. The colour intensity of each square represents the strength of connectivity between corresponding modules. (F) Heatmap of correlations 
between MEs, clinical traits, and TNFSF11 expression. (G) Screening of TNFSF11 co-expressed genes. 
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Figure 4. PPI network analysis. (A) PPI network of TNFSF11 co-expressed genes in OA. Circular nodes represent TNFSF11 co-expressed genes, edges represent interaction 
relationships, and red edges indicate direct interaction with TNFSF11. (B) Differential expression analysis of genes directly interacting with TNFSF11 in OA and CON groups. 
Wilcoxon rank-sum test. (C) Heatmap of expression correlations between TNFSF11 and its directly interacting genes. *p < 0.05, **p < 0.01, ***p < 0.001. Pearson correlation. (D) 
ROC curve plot of genes directly interacting with TNFSF11. 
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3.5. Computational Validation of TNFSF11-Target Protein Interactions 

Molecular docking simulations confirmed predicted binding interactions between TNFSF11 and all 18 direct 
partners. The HDOCK docking scores, which reflect the statistical likelihood of interaction rather than 
thermodynamic binding affinity, spanned −226.19 to −432.54, with all complexes achieving confidence scores 
exceeding 0.8 (Table 1). 

A detailed structural analysis of the five highest-affinity complexes elucidated the molecular recognition 
mechanisms. The TNFSF11-SPP1 interface exhibited five hydrogen-bonding interactions involving TNFSF11 
residues S260, S265, N267 and SPP1 residues F293, Y290, K289. TNFSF11-TREM2 complex formation engaged 
eight hydrogen bonds linking TNFSF11 residues N276, S274, Y273, T261, K262, Y263, S268, H271 with TREM2 
residues F74, W78, R98, S31, T94, Q33. TNFSF11-MMP3 association featured ten hydrogen bonds connecting 
TNFSF11 residues R314, Y215, Y307, N276 to MMP3 residues T85, N162, P160. Similarly, the TNFSF11-
FCGR1A binding interface comprised ten hydrogen bonds between TNFSF11 residues A162, K195, H167, A128, 
V277, Y307, N276, N219, R223, S268 and FCGR1A residues S51, E44, Q27, L26, T154, K145. TNFSF11-
TBXAS1 interaction involved three hydrogen bonds formed by TNFSF11 residues S260, S274 and TBXAS1 
residues K48, S50 (Figure 5). These structural findings corroborate the protein interaction network predictions, 
providing atomic-level evidence for TNFSF11-mediated regulatory circuits. 

Table 1. Molecular docking results between TNFSF11 and its direct target. 

Genes Docking Score Confidence Score Ligand rmsd (Å) 
SPP1 −432.54 0.9965 28.02 

TREM2 −373.6 0.9835 59.83 
MMP3 −357.37 0.9844 27.71 

FCGR1A −340.19 0.9782 33.79 
TBXAS1 −328.49 0.9726 30.93 
CSF1R −327.63 0.9721 15.51 

TYROBP −323.96 0.9701 44.09 
MMP9 −303.42 0.9556 49.03 
OGN −302.56 0.9548 53.43 

TNFRSF11A −298.3 0.951 30.03 
FCGR3B −298.22 0.9509 9.89 
FCGR3A −295.96 0.9488 70.22 
MMP1 −283.23 0.9349 67.38 

VCAM1 −268.4 0.9144 61.58 
BLNK −267.14 0.9124 30.26 
CTSK −261.74 0.9033 69.41 
CD4 −256.7 0.8942 68.02 

SDC1 −226.19 0.8211 35.59 

3.6. Functional Enrichment Analysis 

To further investigate the biological functions involved in the role of TNFSF11 in the development of OA, 
we performed functional enrichment analysis on the genes potentially regulated by TNFSF11 in the PPI network. 
GO enrichment analysis revealed that these genes were primarily implicated in 145 biological processes (biological 
processes, BP), including but not limited to positive modulation of T lymphocyte activation, antigen processing 
and presentation of peptide or polysaccharide antigens through major histocompatibility complex (MHC) class II 
molecules, antigen processing and presentation of exogenous peptide antigens via MHC class II molecules, 
assembly of peptide antigens into MHC class II protein complexes, and cellular adhesion (Figure 6A). These genes 
were predominantly localised to cellular components (CC), encompassing the extracellular region, extracellular 
space, extracellular exosome, lysosomal lumen, and extracellular matrix (Figure 6B). At the molecular function 
(MF) level, these genes were associated with 36 functions, such as extracellular matrix structural constituent, 
heparin-binding, MHC class II protein complex binding, receptor binding, and MHC class II receptor activity 
(Figure 6C). KEGG enrichment analysis revealed that the genes directly or indirectly interacting with TNFSF11 
in OA were mainly enriched in 20 signalling pathways, including phagosome, cell adhesion molecules, lysosome, 
Fc gamma R-mediated phagocytosis, NOD-like receptor signalling pathway, and hematopoietic cell lineage 
(Figure 6D,E). GSEA demonstrated that the expression profiles of various KEGG signalling pathways exhibited 
significant differences between the OA group and the CON group, as well as between the TNFSF11 high-
expression group and the TNFSF11 low-expression group. Notably, several signalling pathways, including 
phagosome, cell adhesion molecules, lysosome, protein digestion and absorption, leukocyte transendothelial 
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migration, hematopoietic cell lineage, and intestinal immune network for IgA production, were markedly 
upregulated in OA synovial tissues relative to CON synovial tissues, and similarly in OA synovial tissues with 
high TNFSF11 expression compared to those with low TNFSF11 expression. Conversely, certain signalling 
pathways, such as the insulin signalling pathway and the regulation of lipolysis in adipocytes, were notably 
decreased in OA synovial tissues when compared to healthy counterparts, and in OA synovial tissues with high 
TNFSF11 expression versus those with low TNFSF11 expression (Figure 6F,G). 

 

Figure 5. Molecular docking simulation of TNFSF11 with its directly interacting targets. Three-dimensional 
structural models of TNFSF11 complexes with SPP1 (A); TREM2 (B); MMP3 (C); FCGR1A (D); and TBXAS1 
(E). TNFSF11 depicted in green with critical residues shown as sticks; green dashes indicate hydrogen bonds; red 
dashes denote salt bridges. 
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Figure 6. Functional enrichment analysis. (A) Bubble plots of enriched BP. (B) Bubble plots of enriched CC. (C) Bubble plots of enriched MF. GO terms for TNFSF11 co-expressed 
genes (top 20 terms with the highest significance). (D) Bubble plot of enriched KEGG pathways for TNFSF11 co-expressed genes. (E) Connection relationship between TNFSF11 co-
expressed genes and enriched KEGG pathways. (F) GSEA identifies significantly differentially expressed signalling pathways between OA and CON groups (top 10 KEGG signalling 
pathways with the highest significance). (G) GSEA identifies significantly differentially expressed signalling pathways between high and low TNFSF11 expression groups in OA 
synovial tissues (Top 10 KEGG signalling pathways with the highest significance). 
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3.7. Immune Infiltration Profiling 

Computational deconvolution quantified 22 distinct immune cell populations across tissue specimens. Bar 
plots and heatmaps illustrated cellular composition and abundance patterns for individual samples (Figure 7A,B). 
Inter-cellular correlation analysis (Figure 7C) revealed strong positive associations between T cells, CD4 naive, 
and NK cells resting (R = 0.77), contrasting with clear negative relationships between resting and activated Mast 
cells (R = −0.67). 

Comparative analysis of immune landscape differences between OA and control synovium showed 
significant enrichment of naive B cells, T cells regulatory (Tregs), Macrophages M0, and Mast cells resting in 
diseased tissues, whereas T cells CD4 memory resting, Mast cells activated, NK cells resting, and Eosinophils 
showed marked depletion in osteoarthritic synovium (Figure 7D). Correlation profiling between TNFSF11 
transcript levels and cellular infiltration patterns uncovered inverse associations with T cells, CD4+ memory 
resting cells, and NK cells, as well as positive correlations with M0 macrophage abundance (Figure 7E). 

 

Figure 7. Immune cell landscape characterization in osteoarthritic synovium via CIBERSORTx deconvolution. (A) 
Bar chart depicting cellular composition across specimens. (B) Heatmap illustrating abundance patterns of 22 
leukocyte populations. (C) Heatmap of pairwise correlations among 22 immune cell subsets. Pearson correlation. (D) 
Differential analysis of immune cell subset infiltration between OA and CON groups. Wilcoxon rank-sum test. (E) 
Bubble plot of correlations between TNFSF11 expression and immune cell infiltration. Pearson correlation. 

3.8. Drug Prediction and Molecular Docking Validation 

Using the DrugBank database, four potential targeted drugs for TNFSF11 were identified, including 
Denosumab, AMGN-0007, Lenalidomide, and Thiocolchicoside. Denosumab is already a monoclonal antibody 
targeting RANKL—specifically, a fully humanized monoclonal neutralizing antibody belonging to the IgG2 
subclass of immunoglobulins Its development stemmed from in-depth exploration of the OPG-RANK-RANKL 
pathway [40,41]. In vitro studies show that, much like OPG, denosumab binds both soluble and membrane-bound 
RANKL with high affinity. This allows it to competitively attach to RANKL, blocking its interaction with the 
RANK receptor[42]. This binding mechanism goes on to inhibit the differentiation, survival, and activity of 
osteoclasts—ultimately suppressing osteoclast-mediated bone resorption and helping regulate bone metabolism [43]. 
Denosumab also boasts favorable pharmacokinetic properties. It’s quickly absorbed after subcutaneous injection, 
has a nonlinear metabolic pattern, and maintains effective in vivo concentrations for an extended period—its half-
life is roughly 26 to 28 days [44,45]. Its identification by our pipeline serves as an important positive control, 
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validating the reliability of our prediction method. Molecular docking results indicated that the small molecule 
drugs lenalidomide and thiocolchicoside, along with the macromolecular drugs AMGN-0007 and denosumab, 
showed good binding interactions with TNFSF11 (Figure 8). The docking scores of Denosumab, AMGN-0007, 
Lenalidomide, and Thiocolchicoside with TNFSF11 were −8.27, −7.85, −412.35 and −490.42, respectively. These 
are dimensionless HDOCK scoring function values reflecting predicted interaction likelihood, not binding free 
energies in kcal/mol. Hydrogen bonds, hydrophobic interactions, and van der Waals forces between the drugs and 
the key residues in the binding pocket of TNFSF11 stabilised the docked complexes. These findings suggest that 
these four drugs might have therapeutic effects on OA by targeting TNFSF11. Denosumab further confirms that 
our predictions are quite stable, and the remaining three drugs are likely to be effective. 

 

Figure 8. Molecular docking validation of the predicted targeted drugs for TNFSF11. (A) The binding mode of 
Denosumab with TNFSF11. (B) The binding mode of AMGN-0007 with TNFSF11. (C) The binding mode of 
Lenalidomide with TNFSF11. (D) The binding mode of Thiocolchicoside with TNFSF11. 

3.9. Mendelian Randomization and Experimental Validation 

To establish causal relationships between TNFSF11 and its target genes with OA susceptibility, we conducted 
a two-sample Mendelian randomization analysis. The results revealed divergent causal effects among the examined 
genes (Table 2). Three genes demonstrated protective effects against OA development: CTSK (OR = 0.99902, 95% 
CI: 0.99826–0.99980, p = 0.01306), SPP1 (OR = 0.99724, 95% CI: 0.99565–0.99884, p = 0.00070), and TBXAS1 
(OR = 0.99767, 95% CI: 0.99570–0.99965, p = 0.02088). Conversely, five genes emerged as risk factors for OA. 
Among these, TNFRSF11A exhibited the strongest causal association (OR = 1.01469, 95% CI: 1.00878–1.02063, 
p < 0.00001), followed by FCGR1A (OR = 1.00817, 95% CI: 1.00414–1.01221, p = 0.00007), TNFSF11 (OR = 1.00850, 
95% CI: 1.00007–1.01700, p = 0.04806), MMP9 (OR = 1.00555, 95% CI: 1.00097–1.01016, p = 0.01754), and 
MMP1 (OR = 1.00464, 95% CI: 1.00138–1.00791, p = 0.00522). It should be noted that we found these OR values 
to be very close to 1, although their p-values were all significant. This suggests potential causal links and clues for 
further research, rather than definitive evidence of a strong pathogenic effect. While statistically significant in 
large datasets, their biological or clinical relevance is questionable. Therefore, we further validated them through 
preliminary experiments. 

To experimentally validate these bioinformatic predictions, we performed qRT-PCR analysis on clinically 
obtained synovial tissue samples. The experimental results corroborated our computational findings, 
demonstrating significant upregulation of the identified risk factor genes in OA specimens compared to controls. 
Specifically, TNFRSF11A, FCGR1A, MMP1, MMP9, and TNFSF11 all exhibited significantly elevated mRNA 
expression levels in osteoarthritic synovium (p < 0.05) (Figure 9A–E). This concordance between Mendelian 
randomization evidence and experimental gene expression data strengthens the validity of our bioinformatics 
analysis and supports the pathogenic roles of these genes in OA development. 
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Figure 9. Expression levels of TNFRSF11A, FCGR1A, MMP1, MMP9 and TNFSF11 in CON and OA synovial 
tissues. Relative mRNA expression levels of TNFRSF11A (A); FCGR1A (B); MMP1 (C); MMP9 (D); and 
TNFSF11 (E) were determined by quantitative real-time PCR (n = 10 per group). ****p < 0.0001, *p < 0.05. 

Table 2. Causal relationships between genes and OA risk based on mendelian randomization analysis. 

Genes pval or or_lci95 or_uci95 
BLNK 0.534963326 0.99811222 0.99217208 1.004087923 
CD4 0.183538397 0.998587775 0.996510141 1.000669741 

CSF1R 0.907296306 1.000107542 0.998299011 1.001919349 
CTSK 0.013059179 0.999027387 0.998260044 0.99979532 

FCGR1A 6.73E-05 1.008165746 1.004141977 1.012205639 
FCGR3A 0.261740001 0.996822123 0.991296377 1.002378671 
FCGR3B 0.623541227 0.999557141 0.997790683 1.001326726 
MMP1 0.005218774 1.004641504 1.001382305 1.00791131 
MMP9 0.017540509 1.005553981 1.000968611 1.010160357 
SDC1 0.684137844 0.998124821 0.989139714 1.007191547 
SPP1 0.000699754 0.997243706 0.995653412 0.998836541 

TBXAS1 0.020875727 0.997673501 0.995703938 0.99964696 
TNFRSF11A 9.80E-07 1.014689635 1.00878271 1.020631148 

TNFSF11 0.048060698 1.008498393 1.000072055 1.01699573 
BLNK 0.534963326 0.99811222 0.99217208 1.004087923 
CD4 0.183538397 0.998587775 0.996510141 1.000669741 

CSF1R 0.907296306 1.000107542 0.998299011 1.001919349 
CTSK 0.013059179 0.999027387 0.998260044 0.99979532 

4. Discussion 

OA manifests as a chronic progressive joint disorder characterised by irreversible structural alterations 
encompassing articular cartilage erosion, persistent synovial inflammation, and subchondral bone pathology [46–49]. 
These degenerative processes culminate in functional impairment and diminished life quality, currently impacting over 
230 million individuals globally [50]. The integrative pathogenic framework remains insufficiently characterised. 

In this study, we downloaded multiple sets of OA-related transcriptome datasets from the GEO database and 
utilised R software packages to merge, batch-correct, and normalise the data. Through the Wilcoxon rank-sum test 
and ROC curve analysis, we found that TNFSF11 was significantly upregulated in OA tissues and had good 
diagnostic value for OA. Furthermore, we screened gene modules closely related to OA occurrence using 
differential expression analysis and WGCNA methods and identified 372 candidate genes. Protein interaction 
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network analysis showed that TNFSF11 can directly interact with 18 targets (BLNK, CD4, CSF1R, CTSK, 
FCGR1A, FCGR3A, FCGR3B, MMP1, MMP3, MMP9, OGN, SDC1, SPP1, TBXAS1, TNFRSF11A, TYROBP, 
VCAM-1, TREM2), which are significantly upregulated in OA and positively correlated with TNFSF11 
expression. Molecular docking further validated the binding interactions between TNFSF11 and these targets. 
These findings suggest that TNFSF11 may play a role in the pathogenesis of OA by modulating the expression of 
downstream target genes. Several identified genes have been shown to possess documented pathological 
significance in OA. MMP1, MMP3, and MMP9 represent proteolytic enzymes capable of degrading extracellular 
matrix constituents. Subchondral bone and marrow inflammation has been documented in experimental and 
clinical arthritis studies [51,52]. In SW1353 chondrosarcoma models, IL-1β stimulation triggers the upregulation 
of IL-6, PGE2, and COX-2, subsequently activating metalloproteinases, including MMP-1 and MMP-13 [53]. 
Thus, inflammatory mediators within osteoarthritic cartilage initiate catabolic enzyme cascades culminating in 
tissue degradation. SPP1 (osteopontin) functions as a pleiotropic cytokine, regulating cellular adhesion, motility, 
and inflammatory responses, and exhibits elevated expression in diseased cartilage and synovial tissue. 
TNFRSF11A encodes the RANK receptor, a trimeric transmembrane protein that shares structural homology with 
the extracellular domain of CD40, a crucial T cell co-stimulatory molecule. RANK transduces TNFSF11 signals 
that govern osteoclast maturation and functional activation [54]. 

To further investigate the biological functions involved in the onset and progression of OA mediated by 
TNFSF11, we performed functional enrichment analysis on genes potentially regulated by TNFSF11 in the PPI 
network. The results showed that these genes, which directly or indirectly interact with TNFSF11 in OA, were 
mainly enriched in 20 signalling pathways, including Phagosome, Cell adhesion molecules, Lysosome, Fc gamma 
R−mediated phagocytosis, NOD-like receptor signalling pathway, and Hematopoietic cell lineage. GSEA analysis 
confirmed that the expression of multiple KEGG signalling pathways was significantly changed between the OA 
and CON groups. For example, signalling pathways such as the Phagosome, Cell adhesion molecules, Lysosome, 
Protein digestion and absorption, Leukocyte transendothelial migration, Hematopoietic cell lineage, and the 
Intestinal immune network for IgA production were significantly upregulated in osteoarthritic synovial tissue, and 
this upregulation was considerably more pronounced in osteoarthritic synovial tissue with high TNFSF11 
expression. In contrast, signalling pathways such as the Insulin signalling pathway and Regulation of lipolysis in 
adipocytes were significantly downregulated in osteoarthritic synovial tissue, and this downregulation was even 
more pronounced in osteoarthritic synovial tissue with high TNFSF11 expression. Among the enriched pathways, 
cell adhesion molecules (CAMs) play crucial roles in leukocyte trafficking across various inflammatory disorders, 
including atherosclerosis, rheumatoid arthritis, and OA [55–58]. Notably, VCAM-1 exhibits elevated expression 
in osteoarthritic synovial fibroblasts, which promotes monocyte recruitment and adhesion [59,60]. Therapeutic 
reduction of VCAM-1 levels in synovial fluid has been shown to improve the inflammatory environment within 
OA knee joints [61,62]. These observations indicate that targeting VCAM-1 expression may represent a promising 
strategy for alleviating OA symptoms. In osteoarthritic joints, aberrant RANKL upregulation triggers 
disproportionate osteoclastogenesis within the subchondral bone [63]. Enhanced osteoclast activity accelerates 
bone resorption, compromising structural integrity and disrupting normal biomechanical loading patterns, thereby 
amplifying cartilage degradation [64]. 

The infiltration of immune cells exerts a critical influence on the progression of OA, while TNFSF11 
functions as a central cytokine that modulates the immune system, including T lymphocytes, B lymphocytes, and 
macrophages [65–67]. We compared the infiltration differences of these 22 immune cell subsets in the synovial 
tissue of the OA and CON groups. The results showed that immune cell subsets, including naive B cells, T 
regulatory (Tregs), M0 macrophages, and resting Mast cells, were significantly upregulated in osteoarthritic 
synovial tissue, whereas CD4 memory T cells, activated Mast cells, resting NK cells, and Eosinophils were 
downregulated considerably in osteoarthritic synovial tissue. Furthermore, we investigated the correlation between 
TNFSF11 expression and the infiltration of these 22 immune cell subsets. The results showed that TNFSF11 
expression had a significant negative correlation with the infiltration of CD4 memory resting cells and activated 
NK cells, and a significant positive correlation with the infiltration of macrophages (M0). Within the synovium of 
OA, the predominant cellular populations identified are T lymphocytes and macrophages. These cells, alongside 
activated synovial fibroblasts, contribute to the subsequent synthesis of cytokines and enhanced angiogenic 
activity, thereby initiating a deleterious feedback loop that triggers the release of metalloproteinases and proteases. 
This cascade ultimately results in the persistent breakdown of articular cartilage [68–71]. Among the most 
prevalent immune cell populations within the synovial tissue of OA, macrophages secrete a spectrum of pro-
inflammatory cytokines and chemokines. These mediators contribute to the persistence of synovial inflammation, 
thereby exacerbating OA pathogenesis—for example, through the action of Rspo2 [64]. The immune cell 
composition data reported here extend current understanding of TNFSF11’s role in shaping the OA immune 
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microenvironment. The significant enrichment of undifferentiated M0 macrophages in OA synovium, coupled 
with a positive correlation between TNFSF11 expression and M0 abundance, suggests that TNFSF11 may actively 
recruit or sustain undifferentiated macrophages within the joint, potentially priming them for subsequent M1 
polarisation and amplified pro-inflammatory cytokine secretion. Conversely, the depletion of CD4+ memory 
resting T cells and activated NK cells—both negatively correlated with TNFSF11—implies that elevated 
TNFSF11 suppresses adaptive immune surveillance and innate cytotoxic activity within the OA joint, a novel 
observation that warrants mechanistic investigation in dedicated cell-based and animal models. 

Given the vital role of TNFSF11 in OA pathogenesis, targeting TNFSF11 may represent a promising therapeutic 
strategy for OA. Preclinical studies and clinical trials have demonstrated that bisphosphonates, denosumab, or the 
cathepsin K inhibitor MIV-711 exhibit effective inhibition of osteoclast function in OA [72–79]. Using the DrugBank 
database, we also predicted four potential drugs that could target TNFSF11, including AMGN-0007, denosumab, 
lenalidomide, and thiocolchicoside. AMGN-0007 is an investigational anti-RANKL monoclonal antibody that has 
shown efficacy in reducing bone resorption in postmenopausal women and patients with bone metastases from 
breast cancer and osteosarcoma [80]. Denosumab is a human monoclonal antibody targeting RANKL, approved 
for the treatment of osteoporosis and bone metastases [81]. Lenalidomide is an immunomodulatory drug that can 
downregulate RANKL expression in bone marrow stromal cells and inhibit osteoclastogenesis [82,83]. 
Thiocolchicoside is a muscle relaxant that has been reported to inhibit RANKL-induced osteoclast differentiation 
and bone resorption [84,85]. Molecular docking validated the good binding affinities of these drugs with 
TNFSF11, suggesting their potential as TNFSF11-targeted therapies for OA. However, their efficacy and safety 
in OA treatment require further investigation in both preclinical and clinical studies. 

To summarise, this study utilises a holistic bioinformatics framework to systematically unravel the molecular 
underpinnings of TNFSF11 in OA pathogenesis through multiple analytical dimensions, encompassing 
transcriptomic data profiling, weighted gene co-expression network analysis, protein-protein interaction network 
exploration, molecular docking simulations, functional enrichment assessment, immune infiltration pattern 
analysis, and drug candidate prediction. The multidimensional regulatory network of TNFSF11 constructed in this 
study provides a valuable resource and framework for further investigations into the molecular mechanisms and 
translational applications of TNFSF11 in OA. 

Although this study provides valuable insights into the role of TNFSF11 in OA, several limitations should 
be acknowledged. First, the analyses were primarily based on publicly available transcriptome datasets, which 
may introduce biases related to sample collection, processing, and population diversity. Second, while 
bioinformatics methods such as WGCNA and PPI network analysis identified TNFSF11 and its associated gene 
interactions, these findings lack experimental validation. Functional mechanisms and regulatory interactions 
inferred from this study need to be confirmed through in vitro and in vivo models of OA. Third, regarding 
molecular docking, it should be noted that docking-derived binding energies are approximations and should not 
be interpreted as experimentally validated thermodynamic parameters. The docking of monoclonal antibodies 
using HDOCK does not substitute for rigorous structural epitope mapping, and experimental binding validation—
such as surface plasmon resonance or isothermal titration calorimetry—is required to confirm the predicted 
protein–ligand interactions. Fourth, the immune infiltration analysis relied on computational estimation, which 
may not fully reflect the complexity of the local immune microenvironment in OA joints; direct experimental 
validation using histological or flow cytometric approaches is therefore warranted. Fifth, although molecular 
docking suggested potential drugs targeting TNFSF11, their therapeutic efficacy and safety in OA remain 
unproven and require rigorous preclinical and clinical testing, as computational drug prediction cannot replace 
experimental pharmacological evaluation. Sixth, the Mendelian randomization analysis yielded odds ratios very 
close to 1, indicating only small effect sizes; these results should therefore be interpreted as exploratory evidence 
of potential causal associations rather than definitive proof of a strong pathogenic role of TNFSF11 in OA. 
Seventh, the clinical validation cohort was limited by relatively low statistical power, which may have 
compromised the ability to detect modest associations and warrants replication in larger, well-powered 
independent cohorts. Finally, as OA is a multifactorial disease, other pathways and factors contributing to its 
pathogenesis may not have been fully captured in this study. Addressing these limitations in future research will 
be critical for translating these findings into effective diagnostic and therapeutic strategies. Finally, as OA is a 
multifactorial disease, other pathways and factors contributing to its pathogenesis may not have been fully captured 
in this study. Addressing these limitations in future research will be critical for translating these findings into 
effective diagnostic and therapeutic strategies. Our data suggest a model where elevated synovial TNFSF11 effect 
M0 macrophages and CD4+ memory resting T cells infiltration and upregulates MMP, SPP1, and RANK 
expression in synovial fibroblasts, creating a feed-forward loop of inflammation and matrix degradation. 
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The novelty of this study is multi-layered. While the pro-osteoclastogenic role of TNFSF11 is well 
established, its broader regulatory networks within the OA synovial microenvironment—spanning co-expression 
modules, direct protein interaction partners, immune infiltration correlates, and causal genetic relationships—
remain incompletely characterised. This study is, to our knowledge, the first to apply a fully integrated workflow 
combining WGCNA, PPI network construction, CIBERSORTx immune deconvolution, and two-sample 
Mendelian randomisation to systematically map the TNFSF11-centred regulatory landscape in OA synovial tissue. 
Crucially, the inclusion of Mendelian randomisation moves beyond correlative transcriptomic evidence to provide 
genetic-level causal inference for the relationships between TNFSF11 and key interactors (TNFRSF11A, 
FCGR1A, MMP1, MMP9) and OA susceptibility. Furthermore, the identification of three drug candidates not 
previously evaluated in TNFSF11-targeted OA therapy (AMGN-0007, lenalidomide, thiocolchicoside) opens new 
avenues for mechanism-guided therapeutic development. 

5. Conclusions 

To summarize, this study provides comprehensive insights into the molecular mechanisms underlying the 
role of TNFSF11 in OA development. Our findings demonstrate that TNFSF11 is markedly upregulated in OA 
synovial tissues and is closely associated with critical processes, including matrix degradation, subchondral bone 
remodelling, and immune activation. Via integrated bioinformatics analyses, we identified several genes and 
signaling pathways regulated by TNFSF11—including MMPs, SPP1, and RANK—all of which contribute to the 
inflammatory and degenerative processes of OA. Furthermore, TNFSF11 expression is positively correlated with 
immune cell infiltration—particularly that of M0 macrophages and CD4+ memory resting T cells—suggesting its 
potential role in shaping the local immune microenvironment in OA. We also identified four potential therapeutic 
agents targeting TNFSF11—namely AMGN-0007, denosumab, lenalidomide, and thiocolchicoside—that may 
provide new treatment options for OA. However, additional experimental studies and clinical trials are required to 
validate these findings and assess the safety and efficacy of TNFSF11-targeted therapies. While the present study 
has certain limitations, our findings highlight TNFSF11 as a promising biomarker and therapeutic target for OA, 
thereby providing valuable guidance for future research and clinical practice. 
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