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Supplementary File
Collection from Genome Wide Analysis
In GWAS summary statistics from all cohorts, the quality control (QC) was performed centrally by using EasyQC (Winkler et al., 2014). Briefly, missing data, mono allelic SNVs, nonsensical values (p > 1, infinite beta’s etc.) and duplicates were removed from the data. We excluded variants with poor imputation quality (R2 < 0.3), if the effective sample size was < 20 and if the minor allele count was < 6. Allele frequency was checked against the imputation reference (McCarthy et al., 2016) to identify possible allele coding errors. P values were checked to match the corresponding beta values. Meta-analysis was performed using inverse variance weighting in METAL (Willer et al., 2010). Genomic control was performed on all datasets, except those which had already carried out genomic-control adjustments prior to centralized QC and meta-analysis. Genome-wide significance threshold was set at p < 1.3x10−8, with a minimum MAF > = 0.0001 in any contributing cohort. 
In signal enrichment analysis of the high-confidence putative effector genes, pathway and gene set enrichment analysis was performed using clusterProfiler (Yu et al., 2012) with default parameter settings. Enriched gene sets required a minimum of 5 genes to overlap with the examined gene set. The significance threshold was set at FDR < 0.05. All the figures were plotted using R and adjusted for publication quality using Adobe illustrator.

Collection from DNA Methylation Studies
Epigenome-wide association studies traditionally have used DNA methylation beta values, defined as the fraction methylation (0–1 scale) for a particular CpG site. 
Statistical analysis was performed using R (v. 3.5.0). Raw IDAT files were processed using the minfi package (Aryee et al., 2014). Preprocessing and normalization were performed using the preprocessFunnorm function. All samples passed internal controls included on each chip and had detection p ≤ 0.01 for ≥ 97% of cytosine-guanosine dinucleotide (CpG) positions included on each array. Beta values are characterized by high heteroscedasticity (most beta values fall within extreme high- and low-percent methylation levels), and questions have been raised regarding statistical validity of beta value analysis (Du et al., 2010). M-values, the log2 ratio of methylated/unmethylated probe intensities for a given CpG site, are approximately homoscedastic. CpG probes located on sex chromosomes, probes with known single nucleotide polymorphisms (SNPs) with minor allele frequency of ≥5%, and probes not detected in all samples were excluded.

Collection from bulk-RNA and non-coding-RNA seq
Sequenced reads were aligned to reference human genome using HISAT2, and the expression level of each aligned gene was normalized and expressed in fragments per kilobase of transcript per million mapped reads (FPKM). The differential expression between OA and non-OA were analyzed based on Cuffdiff (Cufflinks version 2.2.1) with genome bias detection/correction and in-house programs.  miRDeep2 was used to estimating, normalizing expression levels in reads per million (RPM). The selection criteria for differentially expressed mRNAs and miRNAs between OA and non-OA were as following: fold change > 2.0, FPKM > 0.3 for mRNA and RPM > 1 for miRNA in at least one group. Genesifter software (VizX Labs, Seattle, WA) was used to determine fold changes in gene expression, and gene ontologies. The Spearman's correlations were calculated with SAS® software (version 9.1). Statistical significance was determined using the Student t-test (p < 0.05). A correction factor for false discovery rate was applied using the Benjamini and Hochberg method (Reiner et al., 2003), and a two-tailed p-value of < 0.05 was considered statistically significant.

Collection from single-cell RNA seq
Single-cell RNA sequencing (scRNA-seq) technology fully demonstrated the advantage to distinguish the featured expression of specific cell types in joints. Firstly, the 5,459 cell-type marker genes identified in different joint tissue sites were recorded according to varied thresholds (e.g. p-value＜0.05, LogFC＞0.5), providing valuable resource for precision diagnosis and improved treatment of the OA disease in future. Secondly, these markers were made up of upregulated genes and downregulated genes in different tissues of sites, according to the different thresholds (e.g. p-value＜0.05, LogFC＞0.5). The marker genes for cell types are valuable resource for precision digonosis and treatment of OA in future. Owing to the different characteristics (e.g. sequencing depth, cell number, clinical characteristics) of the data obtained from different studies, we chose to follow their respective selection criteria. For example, we got 287 maker genes for seven cell types of knee joint that were selected only if the corresponding power values were more than 0.4 and the fold change of log2-transformed TPM was more than 1 in Ji’ s report (Ji et al., 2019). And the standard of expression feature of marker genes in six clusters was defined with log fold change filter = 0.5 and adj PvalFilter = 0.05 in Zhang’s dataset (Zhang et al., 2020). In another cartilage and synovium research, differentially expressed genes for 12 distinct cell types by a p value adjusted by Bonferroni correction threshold < 0.05 and log FC > 0.25 were defined (Chou et al., 2020). As for differentially expressed genes related to arthritis, Zerrouk’s report chose only the genes having a p-value lower than 0.05 and a log fold change more than 1.5 for proliferation, apoptosis, migration/invasion, and inflammation pathways (Zerrouk et al, 2020). In developmental trajectory analysis, monocle R package was used to order the joint cells based on differences in the expression profiles of highly variable genes, i.e., the biomarkers of OA (Wang et al., 2021).
In the re-processing of single-cell RNA-seq datasets later, we read the data of matrix downloaded on GEO database. In total, we utilized the Seurat R package to analyse all seven datasets related to osteoarthritis using single-cell RNA-seq. To remove low quality cells, we only kept cells passed the filter using “nFeature_RNA”, “nCount_RNA” and “percent.mt” for downstream analysis. Then, we normalized the data and got highly variable features, which were used in a principal component analysis (PCA) analysis. The selected significant components were used to perform the function “FindNeighbors” and “FindClusters” for classifying all filtered cells. The last but most critical step is we annotated the cell clusters. Considering displaying the expression levels of all marker genes in different cell clusters, we reanalyzed all single cell analysis data using the original parameters in their own research. And the results were displayed by umap (Uniform Manifold Approximation and Projection) diagram and t-SNE (t-Distributed Stochastic Neighbor Embedding) diagram. 
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