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Summary

In rheumatoid arthritis (RA), synovial fibroblasts (SFs) produce pathogenic molecules in the
inflamed synovium. Despite their potential importance, comprehensive understanding of
SFs under inflammatory conditions remains elusive. Here, to elucidate the actions of SFs
and their contributions to RA pathogenesis, we stimulated SFs with 8 proinflammatory
cytokines and analyzed the outcome using genomic, epigenomic and transcriptomic
approaches. We observed stimulated transcription of pathogenic molecules by SFs exposed
to synergistically acting cytokines. Some RA risk loci were associated with the expression of
certain specific genes. We also observed epigenomic remodeling in activated SFs.
Moreover, RArisk loci were enriched in clusters of enhancers (super-enhancers) exposed to
synergistic proinflammatory cytokines. Our results shed light on the importance of activated
SFs in RA pathogenesis. They also suggest possible treatment strategies targeting
epigenomic alterations in SFs by inhibition of candidate modulators including MTF1 and
RUNX1.
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Introduction

Rheumatoid arthritis (RA) is an autoimmune disease that affects ~1% of the population
worldwide and causes persistent synovial inflammation leading to disabling joint destruction.
In the pathogenesis of RA, the activities of a variety of dysregulated molecules in immune
cells (e.g., T cells, B cells, monocytes) and mesenchymal cells are orchestrated by genetic
and environmental factors (Chen et al.,, 2019; Smolen et al.,, 2018). Twin studies have
estimated that the heritability of RA is as high as 60% (Aho et al., 1986; Silman et al., 1993),
and more than 100 RA susceptibility loci have been identified in genome-wide association
studies (GWAS) (Okada et al., 2019; Okada et al., 2014). Recent genetic studies of
autoimmune diseases have reported that the majority (> 90%) of these risk variants are
located in non-coding regions and regulate the expression levels of a number of genes in a
cell type-specific manner (Farh et al.,, 2015), partly in an environment-specific fashion
(Fairfax et al., 2014). An integrated understanding of the risk variants’ contribution to gene
regulatory networks is crucial to determine the responsible molecules and cell types in RA
pathogenesis.

Synovial fibroblasts (SFs) are the most abundant resident mesenchymal cells of the
hyperplastic synovium. They are major local effectors in the initiation and perpetuation of
destructive joint inflammation through their production of a variety of immunomodulators,
adhesion molecules and matrix-degrading enzymes (Chen et al., 2019; Smolen et al., 2018).
For example, SFs are a leading source of IL-6, a central hub in the synovial cytokine
network, and its receptor antagonist has shown efficacy for patients with RA (Kang et al.,
2019). Previous studies have addressed the transcriptomic or epigenomic basis of RASFs
(de la Rica et al, 2013; Nakano et al.,, 2013; Whitaker et al., 2013). However a
comprehensive picture of SFs’ contribution to the pathogenesis of RA has largely remained
elusive, perhaps due to their complex features that change in response to the
proinflammatory milieu (Frank-Bertoncelj et al., 2017; Ospelt et al., 2017; Slowikowski et al.,
2018). To date, a number of cytokines that induce the inflammatory behavior of SFs have
been reported (e.g., IFN-y and IL-17 from T cells and TNF-a, IL-1B, IFN-a, IL-18 and
TGF-B1 from monocytes) (Leech and Morand, 2013; Takayanagi, 2007). These cytokines
activate various signaling pathways (e.g., nuclear factor-kappa B (NF-kB) signaling, Janus
kinase (JAK) signaling) in vitro that lead to the production of pathogenic molecules from SFs.
To make matters more complicated, in the setting of the inflamed synovium, SFs are
expected to be exposed to a more complex proinflammatory environment. Data show that
some cytokine combinations (e.g., TNF-a and IL-17) (Katz et al., 2001) synergistically
enhance the expression of cytokines and chemokines (e.g., IL-1, IL-6 and IL-8). Those

findings emphasize the need to analyze the mechanisms underlying the accelerated
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inflammatory behavior of SFs in the presence of multiple synergistic factors.

Current treatment strategies that target proinflammatory cytokines (e.g., TNF-a, IL-6), cell
surface proteins of immune cells (e.g., CD20, CD80/86) or signaling molecules (e.g.,
JAK-STAT pathway) have brought a paradigm shift in RA treatment. However, achieving
sustained remission with such agents is still challenging, and serious adverse events (e.g.,
infections, malignancy) due to systemic immune suppression are clinical concerns (van
Vollenhoven, 2019). Following the success achieved with blinatumomab
(anti-CD19/anti-CD3 antibody) for B cell hematologic malignancies (Kantarjian et al., 2017),
the concept of combination therapies (anti-TNF-a and anti-IL-1p or anti-IL-17) or bispecific
antibodies (anti-TNF-o/IL-17) were tried in RA patients. Contrary to expectations, they have
not achieved success due to the lack of benefits and systemic side effects, including
neutropenia (Baker and Isaacs, 2018; Genovese et al., 2004). These findings imply that
additional synergistic factors might play critical roles in the progression of synovitis. By
elucidating those mechanisms in SFs, safer and more efficient therapeutic strategies might
be found to combat the major local effectors in inflamed joints.

Here, we used integrative methods to analyze genomic, transcriptomic and epigenomic
features of RASFs in the presence of various proinflammatory cytokines that have been
detected in RA joints (Arend and Dayer, 1990; Kokebie et al., 2011). To our knowledge,
this study is the first to conduct cis-expression quantitative trait locus (cis-eQTL) analysis of
SFs. In this fashion, we demonstrate that SFs exposed to synergistic cytokines show distinct
transcriptomic features characterized by elevated expression of pathogenic molecules (i.e.,
cytokines, chemokines and transcription factors). We also show epigenomic remodeling of
SFs under stimulation, and that RA risk loci are enriched in clusters of enhancers
(super-enhancers) under the influence of multiple synergistic proinflammatory factors. To
achieve this pathogenic epigenomic rearrangement, several transcription factors including
MTF1 and RUNX1 may be crucial, suggesting that they might be future targets for RA
therapy.

Results

Cytokine mixture induced a distinctive transcriptome signature in SFs.

We stimulated SFs from RA and osteoarthritis (OA) patients (n=30 each) with 8 different
cytokines (IFN-a, IFN-y, TNF-a, IL-1B, IL-6/sIL-6R, IL-17, TGF-B1, IL-18) or a combination
of all 8 (8-mix). We also fractionated peripheral blood mononuclear cells (PBMCs) from the
same patients into five major immune cell subsets (CD4" T cells, CD8" T cells, B cells, NK
cells, monocytes), which were not treated with the cytokines (Figure 1).

Next, we quantified mMRNA expression by RNA sequencing and compared transcriptome
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signatures of SFs between the 10 conditions (i.e., non-stimulated, IFN-a, IFN-y, TNF-q,
IL-1B, IL-6/sIL-6R, IL-17, TGF-B1, IL-18 or 8-mix) and the diseases (i.e., RA, OA). Principal
component analysis (PCA) of gene expression levels showed that the 8-mix condition
induced a distinct transcriptome signature compared with the other stimulatory conditions,
corresponding to the first component (PC1 in Figure 2A, Figure 2B). For instance, the
markedly high expression of IL6, which codes a pivotal cytokine in RA pathogenesis with a
diverse repertoire of functions (e.g., osteoclast differentiation) (Garbers et al., 2018), was
achieved by the 8-mix stimulation (Primary component loading on PC1 =-0.76, PC2 = 0.26.
Figure 2C). Other genes coding cytokines that are associated with RA (e.g., MMP3, CSF2)
were also significantly upregulated when stimulated by the 8-mix combination (Figure 2C).
On the other hand, RASFs showed different transcriptome signatures from OASFs under
non-stimulatory or stimulatory conditions, corresponding largely to the second component
(PC2 in Figure 2A, Figure 2B). Stimulation by individual cytokines induced unique
transcriptomic signatures in SFs (Figure 2A, Figure 2B).

Recently, Fan Zhang and colleagues performed single-cell RNA sequencing analysis of RA
and OA synovial cells and reported that SFs could be clustered into 4 fractions (Zhang et al.,
2019). To elucidate the association between transcriptional changes of SFs under cytokine
stimulation and those 4 fractions, we utilized the gene sets that Fan Zhang et al. reported
were characteristic of each of the fractions. We then scored our samples with these
signatures (Hanzelmann et al., 2013) (STAR Method and Figure S1). Interestingly, the
signature score of fraction 4, which was the population abundant in the lining of OA
synovium in a previous report (Zhang et al., 2019), was higher in OASFs irrespective of the
stimulatory conditions. In contrast, the score of fraction 2, which was a major IL6 producer
and abundant in the sublining of the RA synovium, was not different between RA and OA in
non-stimulatory conditions, but they were strongly upregulated under IFN-y, IFN-a, IL-6 or
8-mix stimulation. Accordingly, we surmised that certain SF populations were quantitatively

stable among disease conditions, and some are inducible under cytokine stimulation.

Stimulatory conditions specific to the function of RA genetic risk loci

We next performed cis-eQTL analysis to evaluate how transcription was affected in
stimulated SFs and PBMC subsets. Together with tissue-by-tissue analysis, we also utilized
Meta-Tissue software (Sul et al., 2013), a linear mixed model that allows for heterogeneity in
effect sizes across conditions, for a meta-analysis across SFs under 10 stimulatory
conditions and 5 PBMC subsets. When we analyzed RA and OA samples separately, the
eQTL effect sizes showed high similarities between RA and OA samples. To overcome the

issue of modest sample sizes, we jointly analyzed the RA and OA samples for the following
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analyses. We considered variants with FDR < 0.1 in single tissue analysis or m-value > 0.9
in meta-analysis as significant eQTLs in line with previous reports (Gamazon et al., 2018;
Sul et al., 2013).

As a result, 3245 - 4118 genes in SFs and 2557 - 2828 genes in PBMCs had significant
eQTLs under each condition (Figure S2A). In total, 6962 genes in SFs and 5043 genes in
PBMCs had eQTLs in at least one condition, and 2368 genes showed eQTL effects only in
SFs (Figure S2B). We note that a substantial fraction of SF-specific eQTLs might be a
consequence of low statistical power due to limited sample size. However, we observed a
distinguishable pattern of eQTLs in SFs from that of PBMCs when comparing the effect
sizes in meta-analysis (Figure S2C), indicating a tissue-wise difference of eQTL effects.
When we focused on the effect size difference between stimulating SFs, the 8-mix showed
the smallest correlation coefficients compared with other conditions (Figure S2C).

Next, we examined candidate causal genes among GWAS loci in SFs. We focused on
eQTL variants with minimum P values in each associated eGene with meta-analysis or
single tissue analysis, which are in linkage disequilibrium (LD) with GWAS top-associated
loci of RA. Notably, various overlapped loci were observed in SFs (Table S1). One example
is rs6074022, which is in tight LD (r2 = 0.95 in EUR population, > =0.9 in EAS population)
with an established RA risk locus rs4810485 (Raychaudhuri et al., 2008). By plotting eQTL
meta-analysis posterior probability m-values and tissue-by-tissue analysis -log;o P values,
rs6074022 had robust eQTL effects on CD40 in SFs, especially under 8-mix or IFN-y
stimulatory conditions (Figure 3A, 3D). Importantly, the presence of an active regulatory
region at rs6074022 was inferred only under these stimulatory conditions (Figure 3B).
Although CDA40 is also expressed by B cells (Figure 3C) and known to be crucial for B cell
activation as a costimulatory protein (Karnell et al., 2019), the eQTL effect at this locus was
not observed in B cells in our study.

The biological role of the CD40-CD40L pathway in SFs has been discussed previously
(Cho et al., 2000; Cho et al., 2007; Kim et al., 2007). However, it has not been fully
explained. We performed transcriptomic analysis of RASFs stimulated with a 2-trimer form
of the CD40 ligand and IFN-y. As a result, some chemokines (e.g., CCL5, CXCL10) and
cytokines (e.g., IL6) were significantly upregulated by the ligation of CD40L (Figure 3E).
Taken together, we conjecture that CD40 upregulation in stimulated SFs is influenced by
genetic predisposition, and the CD40-CD40L pathway might have a pathogenic role in
RASFs.

Additional eQTL results in SFs, including COG6 and FAM213B, both of which are in an RA
GWAS-associated region, show eQTL effect size heterogeneity under stimulation.
CD300E, SLAMF1 and TRAF2, which show stimulation specificity in eQTL effects, are
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shown in Figure S3. The eQTL variant list is available at the National Bioscience Database
Center (NBDC) with the accession codes hum0207.v1.eQTL.v1.

Genetic risks of RA accumulate in the transcriptomic and epigenomic perturbations
induced by multiple cytokines

Next, in order to elucidate the link between RA genetic risks and transcriptomic
perturbations of SFs induced by various inflammatory conditions, we performed gene-set
analysis with RA-associated genetic loci using MAGMA software (de Leeuw et al., 2015),
which computes gene-level trait association scores and perform gene-set enrichment
analysis of some gene sets with neighboring genes in the risk loci. This analysis indicated
that perturbed gene sets subject to IFN-a, IFN-y and 8-mix cytokine stimulation significantly
overlapped with RA risk loci (P = 2.0 x 10, 1.7 x 10* and 8.3 x 10, respectively). Those
data contrasted with the non-significant association of transcriptome differences between
RA and OA with RA genetic risk (Figure S4A, S4B). These findings indicate that there is an
accumulation of RArisk loci in the pathways that are perturbed under specific stimulatory
conditions in SFs from the perspective of transcriptomics.

We also assessed the enrichment of RA top risk SNPs in regulatory regions including
super-enhancers (SEs) identified with ChIP sequencing. While the epigenomic mapping
consortium “Roadmap” has constructed a public database of human epigenome data
(http://www.roadmapepigenomics.org/), which is a fundamental resource for
disease-epigenome association analysis, few epigenomic data for SFs under stimulatory
conditions are publicly available. SEs are large clusters of transcriptional enhancers
collectively bound by an array of transcription factors to drive expression of genes that
define cell identity (ENCODE Project Consortium, 2012; Hnisz et al., 2013; Kundaje et al.,
2015; Loven et al., 2013; Parker et al., 2013; Whyte et al., 2013). It is now known that
disease-associated variants are enriched in the SEs of disease-relevant cell types. Although
the significant overlap of SEs in Th cells and B cells with RA risk loci has been reported
(Hnisz et al., 2013), SFs have not been examined. Here we divided active enhancers into
SEs and typical-enhancers (TEs) following standard ROSE algorithms (Whyte et al., 2013)
and compared the enrichment of RA risk loci to epigenomic marks. Consistent with previous
reports (Hnisz et al., 2013), RA risk loci showed significant enrichment with SEs in CD4" T
cells and B cells, as well as with SEs in 8-mix stimulated SFs from RA or OA samples
(Figure 4A). SEs formed under different stimulatory conditions showed modest overlap with
RA risk loci. In contrast, 8-mix cytokine treatment showed the largest unique SE overlap with
some of the RA risk loci. (Figure 4B, Figure 4C). When we performed a similar comparison

of our epigenomic data and risk loci for type 1 diabetes mellitus (a representative example of
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non-articular autoimmune disease), only SEs in CD4" T cells and B cells showed significant
enrichment (Figure S4C). The number or width of 8-mix SEs were not different from those in
non-stimulated or single cytokine stimulating SFs in total (Figure S5). Consequently, SFs

might behave as key players in RA pathogenesis especially under synergistic inflammation.

SEs induced by cytokine mixtures regulate genes crucial for RA pathogenesis.
Following the results above, we attempted to elucidate the genes regulated by
8-mix-enhanced SEs. SEs are not necessarily located adjacent to transcription start sites
(TSS). In fact, they may lie more than 50 kb away from the TSS (Khan et al., 2018). First, to
characterize the genes controlled by SEs, we combined the 3D genome architectures
(chromatin loops detected by Hi-C analysis), the position of SEs, promoter regions (defined
with H3K4me3 ChIP sequencing analysis) and genomic coordinates (Figure 5A). We
annotated “SE-contacted genes” such that one side of Hi-C loop anchors overlapped a SE,
the other side of the loop coincided with the TSS of the gene and coexisted with the
H3K4me3 peak. SEs were more highly overlapped with Hi-C loop anchors than were TEs or
H3K4mel peaks (Figure S6A). H3K4me3 peaks also showed significant enrichment in Hi-C
loop ends. When the gene TSS and H3K27ac peak was connected by a Hi-C loop, the
variation of MRNA expression showed a significant correlation with the H3K27ac peak
variation (Figure S6B). These results underscore the validity of connecting active enhancer
marks and TSS by Hi-C loops in our dataset, as other reports have shown (Delaneau et al.,
2019; Mumbach et al., 2017). When we compared the expression level of SE-contacted
genes and TE-contacted genes, the former showed significantly higher expression levels
than the latter (Figure S6C), consistent with previous reports (Whyte et al., 2013).

Next, we compared genes contacted by either SEs or TEs of SFs under 3 different
conditions: nonstimulated SFs or those that were TNF-a-activated or stimulated by the mix
of 8 factors. The proportions of overlap between the 3 conditions were smaller in
SE-contacted genes (9.7%) than TE-contacted genes (14.5%) (Figure 5B), indicating that
the stimulation-specific gene expression profile and SEs formation. SE-contacted genes
included a number of transcription factors (e.g., MTF1, RUNX1) and genes reported to play
pathogenic roles in RA such as chemokines (e.g., CCL5, CCL8) and cytokines (e.qg., IL6)
(Figure 5B, Table S2).

IL6 is a representative example of an 8-mix SE-contacted gene. Although this gene is
regulated by a SE (almost 30 kb long) that exists upstream of the TSS in non-stimulated or
TNF-a stimulated SFs, this SE elongates to 70 kb long under 8-mix conditions and an
additional Hi-C loop emerges (Figure 6A). As previously mentioned, IL6 expression is

markedly upregulated under 8-mix conditions (Figure 2C), and when we inhibited SE
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formation with JQ1, a BRD4 inhibitor, the increased IL6 expression under 8-mix conditions
was reduced in a dose-dependent manner (Figure 6B). The necessity of SEs for elevated
IL-6 production under synergistic inflammation could be inferred from these findings.

Another example of an 8-mix SE-contacted gene is Runt related transcription factor 1
(RUNX1) (Figure 6C). RUNX1 is a master-regulator transcription factor involved in normal
and malignant hematopoiesis and in T-cell acute lymphoblastic leukemia. RUNXL1 is
involved in the expression of critical oncogenes (e.g., TAL1) by binding to their SEs with
other components of the leukemogenic transcriptional complex (e.g., MYB) (Bahr et al.,
2018; Mansour et al., 2014; Mill et al., 2019). Additionally, the binding motif of RUNX1 was
enriched in SEs of synovial fluid-derived CD4" T cells from juvenile idiopathic arthritis
patients (Peeters et al., 2015). In our study, RA risk locus rs8133843 overlapped with the
8-mix SE that exists upstream of RUNXL1. A Hi-C loop was formed with the promoter
immediately above the second exon of RUNX1 only in 8-mix conditions, and the RUNX1
expression level was higher in the 8-mix condition compared with others.

Metal-regulatory transcription factor-1 (MTF1), a zinc finger transcription factor, which was
reported to be an essential catabolic regulator of OA pathogenesis and tumor progression
(Kim et al., 2014; Murphy, 2004), is another example of an 8-mix SE-contacted gene (Figure
6E). MTF1 expression was upregulated in the 8-mix condition (Figure 6F). RA risk locus
rs28411352 overlapped with an 8-mix SE that exists upstream of the MTF1. The Hi-C loop
was detected with the promoter only under the 8-mix condition.

Transcription factors associated with SE formation in the presence of multiple
cytokines,

Finally, we searched for candidate modulators that were crucial for SE formation, especially
in the 8-mix condition. In the previous report, key transcription factors for SE formation were
reported to be controlled by SEs themselves, forming a self-regulatory network (Whyte et al.,
2013). From this perspective, we used motif analysis to focus on SE-contacted transcription
factors that were also enriched in SEs under the 8-mix condition and compared them with
TEs or SEs in the absence of stimulation (Figure 7A). Among SE-contacted genes,
transcription factors such as SNAI1, TCF4 and MTF1 showed significant motif enrichment in
8-mix SEs. MTF1 was the only example that also showed the overlap of 8-mix SE and RA
GWAS risk variant as discussed above (Figure 6E). Although the RUNX1 motif was not
enriched in 8-mix SEs compared with unstimulated SEs, its motif was significantly enriched
in SEs compared with the background sequence, both in 8-mix conditions and without
stimulation (P = 1.0 x 10™® and 1.0 x 10'%, respectively). When these transcription factors in

RASFs were silenced with siRNAs, the expression of 8-mix SE-contacted genes was
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significantly suppressed by MTF1 and RUNX1 knockdown (P = 2.0 x 10 and 4.3 x 107*,
respectively) (Figure 7B, Figure S7). The effect of MTF1 knockdown was more pronounced
in 8-mix SE-contacted genes than TE-contacted genes. These results indicated that certain
transcription factors, including MTF1 and RUNX1, play critical roles in the formation of

inflammation—associated epigenomic structures in the presence of synergistic cytokines.

Discussion
In this study, we conducted integrated analyses of SFs from Japanese RA and OA patients.
The cells were stimulated with a variety of proinflammatory cytokines to examine
epigenomic and transcriptomic responses. In that fashion, we were able to describe the
dynamic landscape of SFs and their contribution to RA pathogenesis. SFs under the
influence of synergistic cytokines exhibited a distinct transcriptome signature characterized
by high expression of pathogenic genes (e.g., IL6, MMP3, CSF2). These findings were in
line with the reported synergistic inflammatory responses of SFs to leukocyte-derived
cytokines (TNF-a and IL-17). For example, specifically induced modulators (CUX1 and IkB{)
engage the NF-kB complex to upregulate certain chemokines (Slowikowski et al., 2019).
Recent large-scale eQTL studies have analyzed the function of non-coding variants (Battle
et al., 2017; Lappalainen et al., 2013), and they have enhanced our understanding of
complex diseases. However, many studies have stressed the importance of studying
disease-relevant tissues for functional understanding of GWAS variants (Gamazon et al.,
2018; Wainberg et al., 2019). In the present report, we expanded previous eQTL studies
through analyses of SFs, which are major local effector cells in arthritic joints. Using
cis-eQTL analysis, we observed thousands of associated eGenes in SFs, some of which
showed the heterogeneous sizes of effects under different stimulatory conditions. One
example was the association of an RA risk locus (rs4810485) with CD40 expression.
Although no significant eQTL effects of this locus in B cells was observed in our data, a
previous report showed the protein-level QTL association of CD40 in CD19" B cells and this
locus in European seropositive RA patients and controls (Li et al., 2013). On the contrary, a
larger eQTL study by the GTEX consortium that showed genome-wide significant eQTL
effects of rs6074022 on CD40 in lung (mainly fibroblasts) (P = 3.1 x 10%°) and cultured
fibroblasts (P = 8.4 x 10™*), but not in EBV-transformed lymphocytes (P = 0.04). The subtle
gap in results could be derived from racial differences of study populations and study design.
Naturally, the possible importance of CD40 signals in B cells for RA pathogenesis cannot be
neglected, our result of eQTL analysis and functional study in SFs might shed light on the
importance of CD40-CD40L signals in SFs for RA pathogenesis. The other example of
eQTL-eGene pairs in SFs was rs7993214-COG6. The association of this locus and

10
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autoimmune diseases (RA, juvenile idiopathic arthritis and psoriasis) has been established
(Hinks et al., 2013; Liu et al., 2008). The top eQTL variant of COG6 in 8-mix-stimulated SFs
or monocytes (rs7993214) was in tight LD with the GWAS top variant (rs9603616, r’ =0.93
in EUR population, r’ = 0.82 in EAS population), and eQTL effects became more significant
in stimulated SFs than in non-stimulated conditions. Upregulation of COG6 in stimulated
SFs and monocytes might play a pathogenic role in these arthritic diseases.

The significance of synergistic interactions between proinflammatory cytokines and SFs is
supported by the observed accumulation of RA genetic risk loci as shown by transcriptomic
and epigenomic data obtained under specific stimulatory conditions. The concept of SEs is
now widely recognized. They control molecules that have prominent roles in cell
type-specific processes (Loven et al., 2013; Whyte et al., 2013), and are hotspots for
disease susceptibility (ENCODE Project Consortium, 2012; Hnisz et al., 2013; Kundaje et al.,
2015; Parker et al., 2013). The GWAS-SEs enrichment analysis shows that SFs can behave
as pathogenic cells in the development of RA (analogous to CD4" T cells and B cells)
especially when exposed to the synergistic activity of proinflammatory cytokines. Note that
the positions of SEs are highly flexible, and they can shift during cell differentiation or
activation (Brown et al., 2014; Hah et al., 2015; Schmidt et al., 2016). Indeed, we found that
SEs in SFs shifted during stimulation. The significant enrichment of RA risk SNPs in the SEs
in SFs under 8-mix stimulation suggests that susceptibility regions could be exposed to the
transcriptional machinery. Thus, shifting SEs could contribute to inflammatory cell-specific
gene expression. Furthermore, recent fine chromatin contact maps revealed that SEs are in
close proximity to the promoter of the gene they activate (Dowen et al., 2014; Hnisz et al.,
2016; Ji et al., 2016; Kieffer-Kwon et al., 2013). During synergistic cytokine stimulation, Hi-C
analysis suggested that there were dynamic conformational changes in three-dimensional
structures involving SEs and the promoter of pathological molecules (i.e., cytokines,
chemokines and transcription factors). We found marked expression of 8-mix stimulated
SE-contacted genes (i.e., IL6, RUNX1, MTF1). This finding is compatible with a recent
report describing the relationship between chromatin contact loops and gene expression
level (Greenwald et al., 2019).

SEs can collapse when their co-factors are perturbed (Chapuy et al., 2013; Loven et al.,
2013). Those cofactors include BET family members (Brd2, Brd3, Brd4 and Brdt) that bind
to acetylated lysines in histone tails and transcription factors. In cancers that acquire SEs to
drive expression of prominent oncogenes (Chapuy et al., 2013; Loven et al., 2013), BRD4
inhibitors (i.e., JQ1) ameliorated tumor progression in vitro and in vivo (See et al., 2019).
Moreover, in autoimmune diseases, JQ1 preferentially inhibited the expression of

SE-regulated disease-contacted genes in synovial-fluid-derived CD4" T cells from juvenile
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idiopathic arthritis patients (Peeters et al., 2015). BRD4 silencing also reduced cytokine
secretion, migration and invasion activity of RASFs, and JQ1 ameliorated arthritis in a
collagen-induced arthritis model (Zhang et al., 2015). On the other hand, selective
modulation of SEs that preferentially target disease-associated SEs in a cell type-specific
manner may have better safety profiles than pan-SEs inhibitors (i.e., JQ1). In T cell
leukemias, a small monoallelic insertion creates binding motifs for the master transcription
factor MYB, which trigger SEs initiation upstream of oncogenes (Mansour et al., 2014). In
endothelial cells, TNF-a-driven SE formation is nucleated by a single binding event of NF-kB
(Brown et al., 2014). These findings suggest the potential application of SE-targeted
therapies for immmune-mediated diseases by selective inhibition of transcription factors.

In the present study, we analyzed transcription factors that have the potential to be
selective SE modulators in SFs when stimulated by multiple synergistic proinflammatory
cytokines. Given the SE-contacted genes under 8-mix stimulation and the motif enrichment,
we narrowed down candidate molecules to MTF1, SNAI1, TCF4 and RUNX1. The in vitro
knockdown assay revealed that silencing of MTF1 or RUNX1 significantly suppressed
SE-contacted genes in the presence of 8 cytokines. Moreover, the effect of MTF1 silencing
was more prominent in 8-mix SE-contacted genes than TE-contacted genes. Those results
suggest that MTF1 participates in SE formation, putatively making a feedback loop to
maintain the epigenomic machinery. MTF1, a zinc finger transcription factor, regulates gene
expression by binding to the metal regulatory element (MRE) within the promoter of
downstream genes, in response to zinc and various stresses (Gunther et al., 2012). In the
setting of disease, MTF1 could contribute to tumor metastasis and chemoresistance through
the activation of the epithelial-mesenchymal transition (EMT) in some cancer cells (Ji et al.,
2018). Certainly, MTF1 is highly expressed in malignancies (Shi et al., 2010), and has been
reported to be a potential marker of poor prognosis (Pavon et al., 2016). Given the indicated
association between EMT and the invasive phenotype of SFs (Lauzier et al., 2016), MTF1
inhibition could modify the tumor-like phenotype of SFs. Previously, the zinc-ZIP8-MTF1
axis was identified as a catabolic regulator of cartilage destruction (Kim et al., 2014). In OA
chondrocytes, the Zn*" importer ZIP8 is specifically upregulated, and the resulting Zn*"
influx activates MTF1, thereby enhancing the expression of matrix-degrading enzymes.
Furthermore, intra-articular injection of adenovirus expressing-MTF1 in an experimental
mouse model of OA promoted the expression of various matrix-degrading enzymes,
cytokines and chemokines in SFs. This evidence supports the essential role of MTF1 as a
bridge between joint destruction and inflammation.

There are some limitations of this study. First, the number of patients included in the

cis-eQTL analysis was limited owing to sample accessibility, resulting in putatively large
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false negatives. Increased sample size could better reveal the genetic influences on
stimulated SFs. Second, SFs were purified by a conventional method, that is, serial passage.
Previous reports showed that passage number could affect the epigenome and
transcriptome of SFs (Galligan et al., 2007; Whitaker et al., 2013). To minimize the impact of
culture, we restricted our analysis to early passage cells. Third, PBMCs in the present study
were freshly isolated by flow cytometry and were not artificially stimulated with cytokines ex
vivo. Thus, it is not clear whether the eQTL difference between SFs and PBMCs is
attributable to cell type difference. However, over 80% of RA patients had moderate to high
disease activity at the time of blood sampling, indicating that PBMCs were subject to a
proinflammatory environment.

Overall, our findings shed light on SFs and their role in RA heritability. We also examined
the conformational dynamics of chromatin fibers as related to the amplification of
inflammation given a genetic predisposition. Our data suggest the concept of SF-targeted
therapy from the perspective of epigenome remodeling. Transcription factors (MTF1,
RUNX1) preferentially recruited to SEs during exposure to multiple synergistic

proinflammatory cytokines would constitute novel drug targets.
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Figure titles and legends
Figure 1. Experimental design for Integrative analysis of stimulated synovial
fibroblasts from rheumatoid arthritis and osteoarthritis patients.

Our study design included SFs stimulated by 8 different factors plus a combination of all the
factors. Specifically, cells were treated for 24 h with one of the following: IFN-a 100 U/mL,
IFN-y 200 U/mL, TNF-a 10 ng/mL, IL-18 10 ng/mL, IL-6/sIL-6R 200 ng/mL, IL-17 10 ng/mL,
TGF-B1 10 ng/mL or IL-18 100 ng/mL or 8-mix, a mixture of the above 8 cytokines. In
addition, we used 5 freshly isolated PBMC populations (CD4" T cells, CD8" T cells, B cells,
NK cells, monocytes) from the same patient cohort. RNA sequencing of individual samples
from RA and OA patients (n=30 per each) was carried out, and ChIP sequencing and Hi-C
analysis were conducted with pooled samples. SNP genotyping array was performed in all
patients.

SFs, synovial fibroblasts; PBMCs, peripheral blood mononuclear cells; RA, rheumatoid
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arthritis; OA, osteoarthritis; NS, non-stimulated.

Figure 2. The mixture of 8 cytokines induced a distinctive transcriptome signature in
SFs.

(A) Principal Component Analysis (PCA) of gene expression levels for the top 1000 variable
genes. Samples projected onto PC1/PC2 (left) or PC3/PC4 (right). Numbers in parentheses
indicate contribution ratio (percentage of variation) of the first 4 PCs. Arrows link the centroid
of indicated groups and adjusted to start from the origin.

(B) Summary of PCA for top 1000 variable genes. We fit a linear model to each PC (i.e., PC
~ Disease + Stimulation). Then we transformed the P values to normal Z-scores.

(C) Transcript abundances of representative RA pathogenic genes (IL6, MMP3 and CSF2)
from RNA sequencing data in stimulated SFs. Boxes, interquartile range; whiskers,
distribution; dots, outliers.

PCA, principal component analysis; RA, rheumatoid arthritis; OA, osteoarthritis; NS,
non-stimulated; CPM, count per million.

See also Figure S1.

Figure 3. Stimulation-specific function of RA genetic risk loci.

(A) A dot plot of rs6074022-CD40 cis-eQTL meta-analysis posterior probability m-values
versus tissue-by-tissue analysis -logio P value. The gray solid line (m-value = 0.9)
corresponds to the significance threshold in this study.

(B) Transcriptional regulatory regions around the CD40 gene and positional relationship of
rs6074022 (blue triangle) in stimulating SFs and PBMCs. IRF1 biding sites were obtained
from the public epigenome browser ChiP-Atras. Data were visualized using the Integrative
Genomics Viewer (IGV).

(C) Transcript abundance of CD40 from RNA sequencing data in stimulated SFs and
PBMCs. Boxes, interquartile range; whiskers, distribution; dots, outliers.

(D) Expression of CD40 in SFs stimulated by the 8-cytokine mixture (left) and B cells (right)
from each individual plotted according to the rs6074022 genotype. Nominal P values in
eQTL mapping are shown. Boxes, interquartile range; whiskers, distribution; dots, outliers.
(E) A volcano plot of differential gene expression analysis comparing the presence or
absence of CD40 ligand (CD40L) for IFN-y-stimulated SFs. Orange and blue points mark
the genes with significantly increased or decreased expression respectively for the addition
of CD40L (FDR <0.01).

RA, rheumatoid arthritis; OA, osteoarthritis; NS, non-stimulated; CPM, count per million.

See also Figures S2, Figure S3 and Table S1.
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Figure 4. SFs treated with 8 cytokines: super-enhancers were associated with genetic
risk in RA.

(A) Enrichment of RA risk loci in transcriptional regulatory regions of stimulated SFs and
PBMCs. Active enhancers were classified into super-enhancers (SEs) and
typical-enhancers (TEs) following standard ROSE algorithms. The red solid lines (-logio (P
value) = 3.2) and the black solid lines (-logio (P value) = 1.3) are the cutoffs for Bonferroni
significance and nominal P = 0.05, respectively.

(B) A circus plot showing the overlap of SEs in SFs under different stimulatory conditions.
Only the regions unique to each condition or common to all of the conditions are depicted.
(C) A circus plot showing the overlap of RA risk loci and SEs in SFs under different
stimulatory conditions.

NS, non-stimulated; SE, super-enhancer; TE, typical enhancer.

See also Figures S4 and Figure S5.

Figure 5. SFs treated with 8 cytokines: SEs regulates genes crucial for RA
pathogenesis.

(A) A schematic image of “SE-contacted genes”.

(B) A Venn diagram representing the overlap of TE-contacted (top) or SE-contacted (bottom)
genes in SFs under different stimulatory conditions. Red, blue and black text highlight genes
whose contacted SEs overlap with RA risk loci, cytokines and chemokines and transcription
factors, respectively.

TSS, transcriptional start site; NS, non-stimulated; SE, super-enhancer; TE, typical
enhancer.

See also Figures S6A, S6B and Table S2.

Figure 6. Representative SE-contacted genes in SFs treated with 8 cytokines.

(A, C, E) Organization of transcriptional regulatory regions around IL6 (A), RUNX1 (C) and
MTF1 (E) genes and positional relationship of RA risk loci (blue triangle, rs8133848 for
RUNX1 and rs28411352 for MTF1) and chromatin conformation in stimulated SFs. Data
were visualized using the Integrative Genomics Viewer (IGV).

(B) Expression of IL6 by SFs stimulated by 8 cytokines. SFs quantified by gqRT-PCR (n = 5)
treated with JQ1 (0-5000 nM) for 24 h. Expression was normalized to abundance of GAPDH
control. Boxes, interquartile range; whiskers, distribution. P values were determined using
one-way ANOVA followed by Tukey’s multiple comparison test (*, P < 0.05).

(D) Transcript abundances of RUNX1 isoform (RUNX1b) from RNA sequencing data for
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stimulated SFs and PBMCs. Boxes, interquartile range; whiskers, distribution; dots, outliers.
(F) Transcript abundances of MTF1 from RNA sequencing data for stimulated SFs and
PBMCs. Boxes, interquartile range; whiskers, distribution; dots, outliers.

RA, rheumatoid arthritis; OA, osteoarthritis; NS, non-stimulated; TPM, transcripts per
million; CPM, count per million; SE, super enhancer.

See also Figures S6C.

Figure 7. Transcription factors associated with SE formation in cytokine-treated SFs.
(A) Table depicts transcription factor binding motifs enriched at SEs in SFs stimulated as
follows: 8-mix, TNF-a or non-stimulated. Following are summarized: attribution to
SE-contacted genes, relative enrichment P values to TEs in each stimulatory condition or to
SEs of non-stimulated condition.

(B) Expression of SE- or TE-contacted genes in SFs stimulated by 8 cytokines in cells
depleted of specified transcription factors (TCF4, SNAI1, MTF1 and RUNX1) relative to
control SFs. Boxes, interquartile range; whiskers, distribution. P values were calculated
using a paired t test (*, P < 0.05, **, P < 0.001).

NS, non-stimulated; SE, super enhancer; TE, typical enhancer.

See also Figures S7.

STAR Methods

CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources and reagents should be directed to and will
be fulfilled by the Lead Contact, K.F.. (kfujio-tky@umin.ac.jp).

METHOD DETAILS

Patients and sample collection

Synovial tissues were obtained from RA and OA patients (n = 30 each) undergoing joint
replacement surgery at the University of Tokyo Hospital, Japan. RA patients fulfilled the
2010 ACR/EULAR (American College of Rheumatology/European League Against
Rheumatism) criteria for the classification of RA (Aletaha et al., 2010). Patient
characteristics are summarized in Table S4. This study was approved by the Ethics
Committees of the University of Tokyo (G3582), RIKEN and the indicated medical
institutions. Written informed consent was obtained from each subject in accordance with
the Declaration of Helsinki. Fresh synovial tissues were minced and digested with 0.1%
collagenase (Worthington) at 37°C, in 5% CO; for 1.5 h and SFs were cultured in Dulbecco’s
modified Eagle’s medium (DMEM; SIGMA) supplemented with 10% fetal bovine serum
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(FBS; BioWest), 100 pg/mL L-glutamine, 100 U/mL penicillin, 100 pg/mL streptomycin (all
from Invitrogen). SFs from passage 2 or 3 were used for RNA sequencing, ChIP sequencing,
Hi-C and functional studies after removal of macrophages by magnetic separation with
CD14 microbeads (Miltenyi Biotec). The purity of SFs was tested by flow cytometry analysis
(MoFlo XDP; Beckman Coulter). SFs were stained with CD14-, Thy-1 (CD90)-specific
monoclonal antibodies (clone IDs: M5E2, 5E10, respectively, all from BioLegend). Most cells
(>99%) had the surface marker for fibroblasts (Thy-1) but not CD14.

We collected peripheral blood from the same patients. PBMCs were isolated using
Ficoll-Paque density gradient centrifugation followed by staining with CD3-, CD4-, CD8-,
CD14-, CD19-, and CD56-specific monoclonal antibodies (clone IDs: UCHT1, OKT4,
RPA-T8, M5E2, HIB19 and HCD56, respectively, all from BioLegend). Five immune cell
populations were sorted by flow cytometry (MoFlo XDP; Beckman Coulter) using the
following gating strategy: CD4" T cells: CD3'CD4'CD8CD19; CD8" T cells:
CD3'CD4'CD8'CD19; B cells: CD3CD19"; NK cells: CD3'CD14CD19CD56"; and
monocytes: CD3'CD14CD19". There were 3 x 10° cells in each population.

RNA sequencing

Purified SFs (2 x 10* cells/well) were seeded with DMEM (10% FBS, 100 pg/mL L-glutamine,
100 U/mL penicillin, 100 pg/mL streptomycin) into a 24-well flat-bottom plate (Corning) and
incubated at 37°C, in 5% CO,. After 12 h, one of the following was added: 100 U/mL IFN-a
(HumanZyme), 200 U/mL IFN-y, 10 ng/mL TNF-a, 10 ng/mL IL-1f3, 200 ng/mL IL-6/sIL-6R,
10 ng/mL IL-17 (all PeproTech), 10 ng/mL TGF-f1 (R&D), 100 ng/mL IL-18 (MBL).
Alternatively, cells were treated with “8-mix” (a mixture of the above 8 cytokines that
simulated synergistic inflammation in arthritic joints). These 8 cytokines were selected on
the basis of 1) existing therapeutic targets or 2) the number of articles that reported the
cytokine as pathogenic on a public database (PubMed). The cells were stimulated for an
additional 24 h at 37°C, in 5% CO,.

Total RNA from SFs and freshly sorted PBMCs was isolated using AllPrep
DNA/RNA/mMIRNA Universal Kit (Qiagen). Libraries for RNA sequencing were prepared
using TruSeq Stranded mRNA Library Prep Kit (lllumina). RNA sequencing was carried out
on lllumina HiSeq 2500 (read length of 125 bp, paired end).

Bioinformatic analysis of RNA sequencing data

RNA sequencing reads were aligned to the human genome assembly hg19/GRCh37
excluding minor haplotypes, random and unknown sequences. Alignment of the reads was
performed by STAR (version 2.5.3) (Dobin et al., 2013) based on the GENCODE v27
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(GRCh37 version) annotation. We only utilized reads that were uniquely mapped
(corresponding to a mapping quality of 255 for BAM files), and properly paired for further
analysis.

Gene-level read counts were quantified with HTSeq (version 0.6.0) (Anders et al., 2015)
based on the GENCODE v27, with strand-specific assay mode and the other default
parameters. Transcript-level quantifications were calculated with RSEM (version 1.3.0) (Li
and Dewey, 2011).

We assessed the quality of each RNA sequencing sample by calculating the mean
expression correlation coefficient with other samples with the same stimulatory conditions,
equivalent to D statistics as described elsewhere (GTEx Consortium, 2015). All samples
satisfied more than 10 million uniquely mapped read counts. We excluded samples the D
statistics of which were lower than 0.9, resulting in 29 excluded samples (4 non-stimulated,
4 in TNF-q, 3 in IFN-a, 2 in IFN-y, 6 in IL-1B, 4 in TGF-B1, 2 in IL-17, 3 in 8-mix and 1 CD8"
T cell). The remaining 856 samples were utilized for the analysis.

Differential expression analysis was performed with the edgeR package with gene-level
count data. For each comparison, genes whose expression was less than 10 in more than
90% of samples were excluded. Gender was included as a covariate for all the comparative
analyses. RUVseq R package (Risso et al., 2014) was utilized for finding hidden factors
using 1000 nonvariable genes with conditions as negative control genes and unstimulated
samples as negative control samples. Gender and 3 RUV factors were considered
covariates in differential expression analysis. Genes with FDR less than 0.05 in the giml RT
test implemented in edgeR were regarded as differentially expressed genes.

MAGMA software was applied for gene-set analysis of GWAS data. We utilized RA GWAS
summary statistics of European ancestry (Okada et al., 2014) and performed gene set
enrichment analysis following the instruction by the authors. Briefly, we carried out “gene
analysis” for GWAS summary statistics using the 1000 genomes European panel for LD
calculation and GENCODE V27 for gene annotation. Then we carried out “gene-set analysis”
using log-fold change of gene expression between conditions as gene covariate and

performed enrichment analysis.

ChIP sequencing

Purified SFs (1 x 10° cells/well) were seeded with DMEM (10% FBS, 100 pg/mL L-glutamine,
100 U/mL penicillin, 100 pg/mL streptomycin) into 6-well flat-bottom plates (Corning) and
incubated at 37°C, in 5% CO,. After 12 h, 100 U/mL IFN-a, 200 U/mL IFN-y, 10 ng/mL
TNF-a, 10 ng/mL IL-1B, 200 ng/mL IL-6/sIL-6R, 10 ng/mL IL-17, 10 ng/mL TGF-g1, 100
ng/mL IL-18 or 8-mix was added. The cells were stimulated for additional 24 h at 37°C, in
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5% CO..

Pooled SFs and freshly sorted PBMCs from RA or OA patients (n = 20 each) were
cross-linked with 1% formaldehyde for 15 min at room temperature. Chromatin was
prepared from pellets of SFs (1 x 10’ cells) and PBMCs (2 x 10’ cells) using a CHIP-IT High
Sensitivity Kit and CHIP-IT PBMC Kit (both from Active Motif), respectively. Sonication was
carried out by Covaris S2 (Covaris). The shearing efficiency was analyzed by agarose gel
electrophoresis after RNase treatment, reversion of crosslinking and purification of DNA.
Sheared chromatin (3 pg) was immunoprecipitated using 4 pL of each rabbit polyclonal
antibody (H3K4mel, H3K4me3, H3K27ac, all from Active Motif). Sheared chromatin was
used as the input DNA. Immunoprecipitated DNA was quantified with the Qubit dASDNA HS
Kit (Invitrogen). Libraries for ChlP sequencing were prepared using TruSeq ChIP Library
Prep Kit (lllumina) with 5 ng of DNA fragments. DNA size selection (250-300 bp) was carried
out by BluePippin (Sage Science). ChIP sequencing was carried out on an Illumina HiSeq
2500 (read length of 50 bp, single end).

Bioinformatics analysis of ChIP sequencing data

Sequencing reads from each ChIP sequencing sample were mapped to human genome
assembly hg19/GRCh37 using Bowtie2 (Langmead and Salzberg, 2012). PCR duplicates
were removed, and only uniquely mapped reads were used for peak calling. MACS 2.0
(Zhang et al., 2008) was used to detect peaks which were enriched in immunoprecipitated
samples over the input. Peak calling was performed with narrow peak mode for H3K4me3
and H3K27ac and broad peak mode for H3K4mel.

NSC and RSC were calculated by cross-correlation analysis following ENCODE guidelines
(Landt et al., 2012) and samples with NSC less than 1.1 or RSC less than 1 were removed
from the analysis. Also, samples with <10 million effective sequence reads were removed.
As a result, 4 samples (RA_CD8 H3K27ac, OA_CD8_H3K27ac, OA_IL17_H3K27ac and
RA_CD8_H3K4me3) were excluded and the remaining 86 samples were utilized for further
analysis.

SEs were identified with the Rank Ordering of Super-Enhancers (ROSE) algorithm (Whyte
et al., 2013) based on the H3K27ac ChIP sequencing signal with default parameters.

Differentially bound peak analysis for each condition was performed with HOMER software
(Heinz et al., 2010) with fold-enrichment threshold of 2 and Poisson enrichment P value
threshold of 0.0001.

Motif enrichment analysis was performed with HOMER software (Heinz et al., 2010). As
motifs of some transcription factors associated with SEs were not included in the HOMER

database, we customized motif reference with MotifDb software (Shannon P, Richards M
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(2019). MotifDb: An Annotated Collection of Protein-DNA Binding Sequence Motifs. R
package version 1.26.0.) for SE associated genes only with homo sapiens data.

Library construction for Hi-C

Purchased RASFs (n = 7, Articular Engineering) were used to generate an in situ Hi-C
library as previously described with minor modifications (Rao et al., 2014). Briefly, SFs (1 x
10° cells/well) were seeded with DMEM (10% FBS, 100 pg/mL L-glutamine, 100 U/mL
penicillin, 100 pg/mL streptomycin) into 6-well flat-bottom plates and incubated at 37°C, in
5% CO,. After 12 h, either 10 ng/mL TNF-a or 8-mix was added, and the cells were
stimulated for an additional 24 h at 37°C, in 5% CO,. Pooled SFs (2.8 x 10° cells) were
cross-linked with 1% formaldehyde for 10 min at room temperature. The nuclei were
permeabilized, and DNA was digested with 100 units of Mbo I restriction enzyme (NEB).
The ends of restriction fragments were labeled with biotinylated nucleotides (dATP;
Invitrogen), and proximity ligation was performed. After reversal of crosslinks, ligated DNA
was purified and sheared to a length of roughly 400 base pairs with Covaris S2 (Covaris), at
which point ligation junctions were pulled down with streptavidin beads (Invitrogen).
Sequencing libraries were prepared with a Nextera Mate Pair Sample Preparation Kit

(llumina), and sequenced using a HiSeq series (read length of 150 bp, paired-end read).

Bioinformatics analysis of Hi-C data

Sequencing reads from 3 samples were mapped to human genome assembly
hg19/GRCh37 using BWA-mem which is implemented in JUICER software (ver 1.8.9)
(Durand et al., 2016). Loops were called using HICCUPS (Rao et al., 2014) software
implemented in JUICER with resolution of 5 kbp, 10 kbp and 25 kbp and merged loops were

used for downstream analysis.

SNP typing and imputation
Genomic DNA from whole blood was isolated using QlAamp DNA Blood Midi Kit (Qiagen).
Genotyping was performed using Infinium OmniExpressExome BeadChips (lllumina).
Quality control of the genotyping data was performed using PLINK 1.90, with a SNP call
rate > 0.99, HWE < 1 x 10 and sample call rate > 0.98. For genome-wide imputation,
595693 post-QC SNPs were pre-phased using SHAPEIT and imputation was performed
using IMPUTE2 with the 1000 Genomes Phase 3 panel as reference. Post-imputation QC
was performed using SNPTEST. Genotyped and imputed autosomal SNPs or indels with
MAF = 0.05 were used for cis-eQTL analysis (6124313 variants in total).
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Cis-eQTL analysis

For cis-eQTL analysis, genes detected in at least half of the samples under at least 1
condition were included. The count per million (CPM) matrix was normalized between
samples using TMM as implemented in edgeR software, normalized across samples using
an inverse normal transform and normalized using PEER (Stegle et al.,, 2012) with 15
hidden confounders, and the residuals were used for analysis. We used QTLtools
(Delaneau et al., 2017) conditional pass for tissue-by-tissue eQTL analysis. In addition, to
overcome the issue of modest sample sizes, we jointly analyzed the RA and OA samples.
We performed a meta-analysis across SFs in various stimulatory conditions and PBMC
samples for eQTLs by utilizing Meta-Tissue software (Sul et al., 2013), a linear mixed model
that allows for heterogeneity in effect sizes across conditions. Cis-eQTL analysis was
performed for variants with MAF = 0.05 within a 1-Mb window around each gene.

For each eQTL, we estimated the posterior probability that the effect is shared in each

tissue (m-value) along with tissue-by-tissue eQTL analysis P value.

GWAS enrichment analysis

In order to calculate GWAS variant enrichment for epigenomic marks, we prepared 10,000
sets of randomly sampled variants that were matched to GWAS variants for distance from
the nearest TSS, minor allele frequency (MAF), gene density and the number of LD variants
(* 2 0.5) using SNPSNAP (Pers et al., 2015). We counted the number of GWAS variants or
randomly selected variants whose LD (r2 2 0.8) variants or itself coincided with epigenomic
marks. We calculated the empirical P value by comparing the number of GWAS variants that
tagged epigenomic marks against the number of randomly selected variants that tagged
epigenomic marks. We pruned GWAS variants such that no 2 variants were within 1 Mb of
one another, and all GWAS variants within the extended MHC region (25-35 Mb on

chromosome 6) were removed from the analysis.

Population enrichment score

In order to assess the abundance of SF populations reported in the single-cell transcriptome
based analysis (Zhang et al., 2019), we calculated the population enrichment score of each
SFs sample. We used “top 20 marker genes for each single-cell RNA sequencing cluster” of
4 SF clusters from the article and calculated the enrichment score of these gene sets using
GSVA software (Hanzelmann et al., 2013) with normalized CPM.

cDNA synthesis and gRT-PCR
Purified RASFs (2 x 10* cells/well) were seeded with DMEM (10% FBS, 100 pg/mL
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L-glutamine, 100 U/mL penicillin, 100 pg/mL streptomycin) into 24-well flat-bottom plates
and incubated at 37°C, in 5% CO?. After 12 h, 100 U/mL IFN-a, 200 U/mL IFN-y, 10 ng/mL
TNF-a, 10 ng/mL IL-1B, 200 ng/mL IL-6/sIL-6R, 10 ng/mL IL-17, 10 ng/mL TGF-p1, 100
ng/mL IL-18, or 8-mix was added. The cells were stimulated for an additional 3, 10, 24 or 48
h at 37°C, in 5% CO.. In in vitro inhibition studies of Brd4, JQ1 (Sigma; 5-5000 ng/mL) was
simultaneously added with 8-mix, and incubated for an additional 3, 10, 24 or 48 h at 37°C,
in 5% COs.

Total RNAs were extracted with RNeasy Micro Kit (Qiagen) and were reverse-transcribed
to cDNA with random primers (Invitrogen), dNTP mixture (Takara), ribonuclease inhibitor
(Promega) and SuperScript 1l (Invitrogen). Quantitative real-time PCR (gRT-PCR) was
performed using CFX Connect Real-Time PCR Detection System (Bio-Rad) with QuantiTect
SYBR Green PCR Kit (Qiagen). The primer pairs used in this study are shown in Table S3.

Relative expression was calculated based on the abundance of control GAPDH.

Knockdown assay

Purchased RASFs were used for knockdown assays. Cells (4 x 10° cells/target) were
transfected with 300 nM ON-TARGET plus siRNA targeting BRD4, MTF1, RUNX1, SNAI1,
SNAI2 or TCF4 (all Dharmacon) using a Human Dermal Fibroblast Nucleofector Kit (Lonza)
according to the manufacturer’s instructions. SIGENOME Non-Targeting Control Pool (300
nM, Dharmacon) was used as a transfection control. Transfected cells (4 x 10* cells/well)
were seeded with DMEM (10% FBS, 100 pg/mL L-glutamine, 100 U/mL penicillin, 100
pg/mL streptomycin) into 24-well flat-bottom plates and incubated at 37°C, in 5% CO.. After
6 h, cells were stimulated with 8-mix cytokines for an additional 6 h. Total RNA was isolated
using AllPrep DNA/RNA/mMIRNA Universal Kit. Libraries for RNA sequencing were prepared
using TruSeq Stranded mRNA Library Prep Kit. mMRNA sequencing was carried out on

lllumina MiSeq (read length of 150 bp, paired end).

CD40 stimulation assay

Purchased RASFs (n = 3) were used in the CD40 stimulation assay. RASFs (2 x 10*
cells/well) were seeded with DMEM (10% FBS, 100 pg/mL L-glutamine, 100 U/mL penicillin,
100 pg/mL streptomycin) into 24-well flat-bottom plates and incubated at 37°C, in 5% CO..
After 12 h, cells were stimulated with 1-10 ng/mL CD40L (ENZ) and 200 U/mL IFN-y or
8-mix for an additional 24 h. RNA extraction, cDNA synthesis and RT-PCR was performed
as described above. Total RNA was isolated using AllPrep DNA/RNA/mMIRNA Universal Kit.
Libraries for RNA sequencing were prepared using TruSeq Stranded mRNA Library Prep Kit.
The mRNA sequencing was carried out on lllumina MiSeq (read length of 150 bp, paired
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end).

Quantification and Statistical Analysis

For in vitro analysis, statistical significance and analysis of variance (ANOVA) between
indicated groups were analyzed by R (ver 3.5.3). A comparison of more than 2 group means
was analyzed by Tukey’s multiple comparison tests. A comparison of 2 group means was
analyzed by paired t-test. Statistically significant differences were accepted at P < 0.05 for

all tests. Data in the figures were expressed as means + SD or SEM.

DATA AND SOFTWARE AVAILABILITY

The datasets generated during this study are available at the National Bioscience Database
Center (NBDC) with the study accession code hum0207 (read counts data of RNA
sequencing, hum0207.v1.RNA.v1; eQTL summary, hum0207.v1.eQTL.v1; peaks data of
ChIP sequencing, hum0207.v1.ChIP.v1; chromatin loops data of Hi-C, hum0207.v1.HiC.v1).

Supplemental Information titles and legends

Table S1 (Related to Figure 3). Colocalization of RA GWAS and cis-eQTL signals.

The list of cis-eQTL top variants which are in LD with RA GWAS lead variants. Variant pairs
with R?> 0.6 in EUR or EAS population in 1000G phase 3 data are listed. The RA GWAS
top variant was downloaded from the NHGRI-EBI GWAS Catalog (Buniello et al., 2019).
EFO_0000685 was downloaded on 11/09/2018.

eQTL, expression quantitative trait locus; GWAS, lead variant in genome-wide association
study; R% r square values between eQTL top variant and GWAS lead variant in EUR or EAS
population (the larger one is written); method, eQTL analysis method for the indicated top

eQTL variant; MT, meta-tissue analysis; TBT, tissue-by-tissue analysis
Table S2 (Related to Figure 5). Summary of SE-contacted genes.
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