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Supplementary materials and methods
Gene expression microarray
Samples were prepared and analyzed with Human HT-12 v4 Expression BeadChip Kit (Illumina, USA) following procedures as a manufacturer provided. Image data was processed by BeadStudio 2.0 (Illumina, USA). Gene expression data was additionally analyzed using lumi1 Bioconductor package. Probes were processed through variance stabilizing transform, robust spine normalization (RSN), and quality control. A filtering step removed sites with detection P < 0.05 in more than four samples. Statistical tests were performed by limma2 Bioconductor package.
450K Infinium methylation array
Samples were prepared and processed with Infinium HumanMethylation450 BeadChip Kit (Illumina, USA) following procedures as a manufacturer provided. Image data was processed by BeadStudio 2.0 (Illumina, USA). Infinium data was analyzed using lumi1 and methylumi3 Bioconductor packages. Loci on autosomes were retained, but sites with any sample with P > 0.01 were excluded. Data was processed by color balance adjustment, background level correction, and quantile normalization. Sites overlapping with known single nucleotide polymorphisms (SNPs) in dbSNP 142 or those predicted to cross-hybridize with the sex chromosomes were filtered out. If 47 of 50 nucleotides in a given probe were matched to the sex chromosome sequence, that locus was considered as cross-hybridization and removed. Methylation in the remaining probes were additionally normalized using BMIQ4 procedure.
Whole-genome bisulphite sequencing
WGBS data was analyzed using Bismark version 0.14.05. Alignment was performed with the non-default parameter -n 1 onto the hg19 genome (GRCh37). Duplicate reads were then removed. Methylation extraction was performed with the non-default parameters -p --no_overlap --bedGraph --counts --cytosine_report --gzip --split_by_chromosome. A methylation bias plot assessed the magnitude of introduced constitutively unmethylated Cs and it showed constant methylation levels about 0.7 along the reads in all samples.
Subsequently, information from both strands was combined and the percentage of genomic CpGs covered by more than five, ten, and twenty reads was calculated (Supplementary Table S2). Methylation of appropriate internal control markers in N4BP2 gene was examined as previously described6. Then, CpGs on sex chromosomes and CpGs with a coverage of less than four reads over 80% of samples were filtered out. Concordance of methylation between WGBS data and Infinium data was very high (γ = 0.942 ± 0.01).
Average methylation levels and standard deviations of individual CpGs were compared between RA and OA. Scatter plots with different colors were generated using fields R package. Two-sample Kolmogorov-Smirnov test was also performed in R. Average methylation levels and CpG densities within fixed windows of 100 bp were calculated using Repitools7 Bioconductor package. Box plots displaying the distribution of average methylation rate by each CpG density were generated in R using default settings. A heatmap with hierarchical clustering was generated with the top 500 CpGs with the highest variability in R. Another heatmap was plotted using recursively partitioned mixture model (RPMM) as previously described8. The information of annotations in hg19 genome was obtained from the Table Brower in the UCSC genome browser (genome.ucsc.edu).
Partially methylated domains (PMDs)
PMDs for each sample were defined in a similar manner as previously described.9 All steps proceeded with MethylSeekR9 Bioconductor package. Average methylation within sliding windows of 100 consecutive CpGs was calculated and the distribution of α-values was estimated from the typical polarized distribution of methylation. Then, hidden Markov model (HMM) identified PMDs. Methylation plots were generated with fixed windows of 100 consecutive CpGs using the GenomicRanges10 Bioconductor package.
Locally low methylated regions (LMRs)
After masking PMDs from genome, segmentation of the remaining regions was performed using MethylSeekR Bioconductor package as previous described9. Methylation levels were smoothed over three consecutive CpGs and hypomethylated regions are identified with consideration for the fixed cutoff 0.5 and the minimal number of four CpGs. They were determined at false discovery rate (FDR) below 5%, which was estimated based on the randomization of methylation levels outside of CpG islands. Identified hypomethylated regions were then classified into unmethylated regions (UMRs) and LMRs with a cutoff of thirty CpGs they have (UMRs ≥ 30, LMRs < 30).
Methylation levels around 1.5 kb from the center of LMRs were calculated and used for dissection of LMRs by k-means clustering in R. Jaccard index was computed for measuring similarities between LMRs in any two samples. It was the ratio of the combined length of the genomic regions within LMRs in both samples and in at least one sample. Hierarchical clustering with the Jaccard index was carried out in R. Genomic annotations of LMRs was performed using HOMER version 4.7.211. Significance was calculated using Pearson's chi-squared test in R. Locations of all enhancers inferred from chromatin landscapes12 was compared to locations of LMRs.
To identify enriched sequence features, sequences around 100 bp from the center of specific LMRs were divided into five subsets. For de novo motif discovery, two subsets were used by DREME tool (part of the MEME suite, version 4.10.013) with the default settings. As a negative control, the regions that had the same genomic distribution, but not with LMRs were used. Motifs suggested were integrated with the known motifs in database given by MEME suite. To select proper motifs, position weight matrices of these motifs were mapped against another two subsets using the FIMO tool (part of the MEME suite) with the parameter --thresh 9.76 x 10-4 (4 x 1/46). The number of occurrences of a given motif in specific LMRs was compared to that in negative control or shared LMRs. Only motifs showing P < 0.05 were selected as significant motifs and P was calculated using Pearson's chi-squared test. Whether these motifs were repetitively shown in other specific LMRs, the same analysis above was performed with the remaining subset. Motifs showing P < 0.05 in this step were finally selected as motifs significantly enriched in specific LMRs.
Downstream targets were chosen from genes which contained LMRs or were located within downstream 5 kb from LMRs. The relationship between specific LMRs and downstream targets was tested adapting the gene set enrichment analysis (GSEA)14. Genes were ordered by the signal to noise ratio (S/N) in expression between RA and OA. The order is related with gene expression levels in RA compared to OA. The running enrichment score was calculated by occurrence of LMRs associated with downstream targets, allowing multiple LMRs per gene. The calculation was weighted by the S/N. The maximum running motif enrichment value was finally used. P and FDR was calculated from a permutation test. Randomized data was generated from permutated data. Motif enrichments in LMRs associated with downstream targets were analyzed in the same way. With absolute Pearson correlation value > 0.5 and permutation P < 0.05, direct comparisons between LMRs and target genes were identified. Methylation plots were generated using the Gviz15 Bioconductor package.
Differentially methylated CpGs (DMCs) and differentially variable CpGs (DVCs)
To identify DMCs between RA and OA, logistic regression in MethylKit16 was applied with methylation difference > 0.2 and P < 2.42 x 10-9 (0.05/20,605,641, Bonferroni correction). For verification, CpGs commonly detected in both WGBS data and Infinium data were selected among DMCs.
To identify DVCs between RA and OA, Levene's test by missMethyl17 was performed with FDR < 0.05. Significance of the overlap between DMCs and DVCs were determined by Fisher’s exact test with P < 2.2 x 10-16 and permutation test with P < 0.001 in R. Measuring a balanced error rate of the prediction with DMCs or DVCs was carried out using ClassifyR18 Bioconductor package with default parameters. Significance levels were estimated from 999 Monte Carlo replications using perm package.
Disease-related subnetworks
The PhenomeExpress19 was used to build a vital subnetworks in RA and OA and identify core disease pathways. It required transcriptome data, protein-protein interactions (PPI) and phenotype similarity networks. Transcriptome data was used from gene expression microarray previously mentioned. PPI network was given by the program which included Human ConsensusPathDB20 and STRING database21. Phenotype-gene associations were inferred from UberPheno cross-species ontology.22 Semantic similarity between the phenotype terms was calculated using the FastSemSim version 0.9.4 Python package with a cutoff of 0.9. The output format could be accessed by Cytoscape version 3.2.1 (www.cytoscape.org). BiNGO version 2.4423 was used to assess significantly enriched functions in each subnetwork.
miRNA sequencing
Small RNA sequencing data were analyzed using miRDeep2 version 0.0.724. Adaptor-trimmed reads were aligned to the hg19 reference genome and then further to predefined miRNA precursors sequences of miRBase version 2125. Expression of mature miRNAs was determined relative to all aligned reads. Differentially expressed miRNAs were identified using the DESeq26 Bioconductor package with fold change > 2 and unadjusted P < 0.05. Then, miRNAs expressed (the raw read counts > 0) in at least 50% of samples were selected. DNA methylation levels of the loci within upstream 5 kb or gene bodies of miRNAs were compared to expression levels of the miRNAs. With absolute Spearman correlation value > 0.5 and permutation P < 0.05, significant relations were identified.
To identify functionally important miRNAs, the correlation between miRNAs and target genes was examined. Expression of miRNAs was normalized based on size factors estimated by the DESeq26. Previously predicted target relations were obtained by merging the TargetScan 7.027, PicTar 228,  PITA 629, microRNA.org30, miRDB 5.031, miRecords32, RNA22-HSA v2.033, TargetMiner34 databases. Among them, the confident relations found in more than four databases were selected. With negative Spearman correlation value with permutation P < 0.05, significant relations were identified. The output format could be accessed by Cytoscape version 3.2.1 (www.cytoscape.org). From the lists of genes, ClueGO 2.2.335 integrated Gene Ontology (GO) terms and created functionally organized subnetworks with P < 0.05.
Exome sequencing
Rare genetic variants for each sample were detected using TREVA in a similar fashion to that previously described36. In brief, TREVA aligned reads onto hg19 human genome, detected PCR duplicates, realigned reads around INDEL and recalibrate base qualities. After calling genetic variants, it annotated them using ENSEMBL database and predicted their functions. Following thresholds were used in filtering steps: in autosomes, in canonical transcripts, with the most deleterious prediction consequence, with Phred quality ≥ 30, read depth ≥ 10, not known in dbSNP 142, with minor allele frequency ≤ 0.01 in 1000 Genome Asian Phase I, with alternative allele < 5% of the reads in the other disease (RA or OA), normalized score ≥ 2, homopolymer run ≤ 5, strand bias ≤ 60, and finally with deleterious consequences.
To assess whether the observed variants were disease-relevant or background variation, a recently devised statistical framework37 was applied. A conservative significance threshold (P = 1.0 x 10-8) was applied to get significant variants. Methylation plots with candidate genes were generated using the Gviz15 Bioconductor package.
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Supplementary Figures
Supplementary Figure S1. Comparisons of DNA methylation between RA and OA. (a) A bar plot with methylation of a marker on N4BP2. (b) A line plot showing the density of CpGs with specific methylation levels in OA (blue) and RA (red). (c-d) Colored scatterplots comparing average methylation levels (c) and standard deviations (d) between OA and RA. Densities of individual CpGs are estimated using kernel functions and colored-scaled. (e) A heatmap with methylation profiles of the top 500 CpGs with the highest methylation variability. A dendrogram is plotted by hierarchical clustering. In the upper bar, OA is blue and RA is red. (f) A heatmap with methylation profiles of clusters classified by recursively partitioned mixture model (RPMM).
Supplementary Figure S2. Colored scatterplots comparing average methylation levels between WGBS data and Infinium 450K array data. Numbers in parenthesis represent Pearson correlation coefficients. Densities of individual CpGs are estimated using kernel functions and color-scaled.
Supplementary Figure S3. Broad inspection of large-scale DNA methylation. Using MethylSeekR Bioconductor package, partially methylated domains (PMDs), characterized by highly disordered methylation, were segmented. Each bar represents the genomic portion occupied by PMD in a sample. The disease-specific PMDs take much smaller fraction in the genome than shared PMDs. OA-specific PMDs are shown in blue and RA-specific PMDs in red.
Supplementary Figure S4. Subnetworks with disease-relevant phenotypes. Colors in large boxes represent gene expression levels in RA relative to OA. Red is upregulated, but green is downregulated. Stacked bar plots represent the number of DMCs or DVCs in certain genes. DMCs are colored red (hypermethylated) and blue (hypomethylated), while DVCs are colored orange (hypervariable) and green (hypovariable).
Supplementary Figure S5. Networks with disease-relevant miRNAs and putative target genes. Colors represent gene expression levels in RA relative to OA. Red is upregulated, but green is downregulated. Inner bar plots represent the number of DMCs or DVCs in certain genes. DMCs are colored red (hypermethylated) and blue (hypomethylated), while DVCs are colored orange (hypervariable) and green (hypovariable).

Supplementary Tables
Supplementary Table S1. Information of the patient cohort. It reports the presence of individual assays. Circles represent samples assayed, while crosses represent samples not assayed. It also contains disease status, sex, and age. A dot stands for missing information.
Supplementary Table S2. Summary of WGBS, miRNA-seq and exome-seq data. For WGBS, there are total number of mapped reads, CpG coverage, average CpG, methylation rate, average non-CpG methylation rate. For miRNA-seq, there is information for the number of mapped reads, percent of mapped reads located on the genome and known miRNAs. For exome-seq, there are the number of mapped reads, target coverage, mean read depth (x).
Supplementary Table S3. List of detected specific and shared LMRs. The genomic positions of LMRs were shown in the ‘LMR’ sheet. The cell-type specific enhancers associated with LMRs and DNA methylation changes (RA/OA) were listed in the ‘Overalp with enhancers’ sheet.
Supplementary Table S4. List of genes with average expression. The log2(RA/OA) values and results of statistical tests based on t-test were listed in the ‘mRNA’ sheet. For genes located near specific LMRs, it additionally contains correlation coefficients between methylation in specific LMRs and expression of genes targeted by the LMRs in the ‘Correlation’ sheet.
Supplementary Table S5. List of DMCs and DVCs. DMCs were CpGs with methylation difference > 0.2 and P < 2.42 x 10-9 (0.05/20,605,641, Bonferroni correction) in the ‘DMC’ sheet. DVCs are CpGs with FDR < 0.05 in the ‘DVC’ sheet. CpGs corresponding to both DMCs and DVCs were listed in the ‘DMC&DVC’ sheet.
Supplementary Table S6. List of detected DEmiRs. The log2(RA/OA) values and results of statistical tests were listed in the ‘DEmiRs’ sheet. Correlation coefficients between expression levels of DEmiRs and methylation levels in CpGs were shown in the ‘miRNA vs DNA methylation’ sheet. Expression levels of putative target genes of DEmiRs were presented in the ‘miRNA vs mRNA’ sheet.

