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Rheumatoid arthritis (RA) is a highly heritable complex disease with
unknown etiology. Multi-ancestry genetic research of RA promises to
improve power to detect genetic signals, fine-mapping resolution and

performances of polygenic risk scores (PRS). Here, we present a large-scale
genome-wide association study (GWAS) of RA, whichincludes 276,020
samples from five ancestral groups. We conducted a multi-ancestry
meta-analysis and identified 124 loci (P < 5 x 1078), of which 34 are novel.
Candidate genes at the novel loci suggest essential roles of the immune

system (for example, TNIP2 and TNFRSF11A) and joint tissues (for example,
WISPI) in RA etiology. Multi-ancestry fine-mapping identified putatively
causal variants with biological insights (for example, LEFI). Moreover, PRS
based on multi-ancestry GWAS outperformed PRS based on single-ancestry
GWAS and had comparable performance between populations of European

and East Asian ancestries. Our study provides several insights into the
etiology of RA and improves the genetic predictability of RA.

RAisanautoimmune disease in which theimmune system attacks the
synovium in the joints, leading to chronic tissue inflammation, joint
destruction and disability. Although recent therapeutic developments
now alter the course of disease, RA mechanisms have yet to be fully
elucidated and a cure has yet to beidentified. RA can be divided into two
major subtypes (seropositive and seronegative RA) based on the pres-
ence or absence of RA-specific serum antibodies (rheumatoid factor
or anti-citrullinated peptide antibodies)'. As RA is highly heritable’™*,
genetic research has the potential to advance our understanding of its
pathology. Indeed, previous studies successfully identified candidate
causal alleles, genes, pathways and cell types™* ™.

Multi-ancestry genetic research has several advantages over
single-ancestry analysis. First, GWAS in a single ancestry can be
underpowered to detect signals from a causal allele with low allele
frequencyinthatancestry. As notable examples, the causal alleles can
be ancestry specific, as shown in studies for other complex diseases® ™.
Second, single-ancestry GWAS are hampered by the specific linkage
disequilibrium (LD) structure in that ancestry, which could obscure the
ability to effectively fine-map an associated locus™". Multi-ancestry
GWAS canimprove fine-mapping resolution by leveraging the distinct

LD structures in each ancestry”™. Third, PRS generally has limited
transferability across ancestries. For example, when the PRS model
is developed based on GWAS in populations of European ancestry
(EUR), PRS performs poorly in non-EUR populations”. PRS based on
multi-ancestry GWAS can potentiallyimproveits performanceinseveral
ancestries'®"; this is a clinically important topic, as PRS can benefit
patients via precision medicine. Although many RA genetic studies
were conducted in non-EUR populations®*'*'82! they were relatively
small in sample sizes, and much larger research efforts have focused
on EUR populations®??,

Here, wereportalarge-scale multi-ancestry GWAS of RA, including
individuals of EUR, East Asian (EAS), African (AFR), South Asian (SAS)
and Arab (ARB) ancestries. Although seropositive and seronegative
RA are associated with phenotypic differences, they have shared herit-
ability®’, and their risk alleles appear to be similar outside of the major
histocompatibility complex (MHC) locus™. Therefore, we initially
focused onallRA, and thenwerestricted cases to seropositive patients.
After identifying novel loci, we conducted fine-mapping to elucidate
the potential molecular mechanism of risk alleles. We examined the
extent to which genetic signals are shared across ancestries while also
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investigating ancestry-specific genetic signals. We developed PRS
models using our GWAS results and compared their performances
acrossallancestries. Our study provides several insightsinto the etiol-
ogy of RA and highlights the importance and further need of including
participants of underrepresented ancestral backgrounds in GWAS.

Results

Multi-ancestry and single-ancestry GWAS

Weincluded 37 cohorts comprising 35,871 patients with RA and 240,149
control individuals of EUR, EAS, AFR, SAS and ARB ancestries (Fig. 1a
and Supplementary Tables1and2); there were 22,350 cases of RAin 25
EUR cohorts, 11,025 cases in eight EAS cohorts, 999 cases in two AFR
cohorts, 986 casesin one SAS cohort and 511 cases in one ARB cohort.
RA-specific serum antibodies were measured in 31,963 (89%) cases;
amongthem, 27,448 (86%) were seropositive and 4,515 (14%) were seron-
egative (Methods and Supplementary Table 1). To confirm the diversity
of ancestral backgrounds, we projected each individual’s genotype
into principal component (PC) and uniform manifold approximation
and projection (UMAP) spaces and confirmed that our study included
ancestral diversity (Fig. 1b,c and Extended Data Fig. 1).

After quality control and imputation, we conducted GWAS in
each cohortby logistic regression (Methods). We calculated genomic
inflation using all variants outside of the MHC locus and observed little
evidence of statistical inflation (mean of 1=1.01; s.d. = 0.04; Supple-
mentary Table1). We then conducted a meta-analysis using all cohorts
across five ancestries by the inverse-variance weighted fixed effect
model (multi-ancestry GWAS; Supplementary Figs. 1and 2, Supple-
mentary Table 3 and Supplementary Note). For ancestries with multiple
cohorts (EUR, EAS and AFR), we also conducted a meta-analysis within
each ancestry using the same strategy (EUR-GWAS, EAS-GWAS and
AFR-GWAS). We additionally conducted a meta-analysis restricting
cases to seropositive RA. In total, we detected significant signals
at 122 autosomal loci outside of the MHC locus and two loci on the
X chromosome (P <5 x1078; Manhattan and Q-Q plotsin Supplemen-
tary Fig. 3; Supplementary Tables 4 and 5; regional association plots
in Supplementary Data). Among these 124 loci, 34 autosomal loci are
novel (Table1).

We tested the differences in genetic signals between GWAS of
seropositive and seronegative RA at the 122 significant autosomal
loci. Although their effect sizes were significantly correlated in general
(Pearson’s r=0.76; P=3.2 x107%), the effect sizes of seronegative RA
were generally smaller than those of seropositive RA (one-sided sign
test Pvalue =8.3 x1077; Extended Data Fig. 2and Supplementary Note).

To quantify the heritability, we analyzed our GWAS results
using stratified-linkage disequilibrium score regression (S-LDSC)**
(Supplementary Table 2). Since S-LDSC assumes that GWAS has samples
from a single ancestral background and a sufficient sample size, we
restricted this analysis to EUR-GWAS and EAS-GWAS. The heritability
explained by non-MHC common variants was similar between EUR
and EAS; the liability-scale heritability was 0.14 (s.e. = 0.01) for EUR
and 0.13 (s.e. = 0.01) for EAS. LDSC also confirmed that the amount of
potential bias in the GWAS results was minimal; LDSC’s intercept was
1.03 for EUR and 1.02 for EAS (Supplementary Table 2).

Fine-mapping analysis

We fine-mapped these 122 autosomal loci using approximate Bayesian
factor® (Methods). The 95% credible sets included only one variant at
sevenlociand lessthantenvariants at 43 loci (Fig. 2a and Supplemen-
tary Table 6). We identified 35 fine-mapped variants with posterior
inclusion probability (PIP) greater than 0.5, which agree with and largely
subsume prior fine-mapping results®***; in addition, nine novel loci
arerepresented (Fig. 2b, Supplementary Fig. 4 and Supplementary
Table 6). The proportion of non-synonymous variants was higher in
the credible set variants with high PIP (PIP > 0.5) than those with low
PIP (oddsratio (OR) =9.3; one-sided Fisher exact test P= 0.02; Fig. 2¢).

We quantified the 95% credible set variants within open chromatin
regionsin 18 hematopoietic populations using gchromVAR software™.
Consistent with previous analyses, we observed the strongest enrich-
mentinCD4" T cells (P=5.4 x10™*; Extended DataFig. 3). For example,
rs58107865 at the LEFI locus (PIP > 0.99), rs7731626 at the ANKRDSS
locus (PIP > 0.99) and rs10556591 at the ETSI locus (PIP = 0.84) are
located within CD4" T cell-specific open chromatin regions (Z score > 2;
Methods and Supplementary Table 6). Among them, rs58107865 is a
novelrisk variant and suggested the importance of regulatory T (T,,)
cells in RA biology (Fig. 2d); LEF1 synergizes with FOXP3 to reinforce
the gene networks essential for T, cells™. These results recapitulated
acritical role of CD4" T cells, especially T, cells, in RA biology.

Asexpected, compared with single-ancestry GWAS, multi-ancestry
GWAS produced smaller-sized credible sets and higher PIP (one-sided
paired Wilcoxontest P<3.1x10™and P<1.1x107%, respectively) (Fig. 2a
and Supplementary Fig. 4). For example, the WDFY4 locus included
6,391 variantsinthe EUR 95% credible set, 64 variants in the EAS set, but
only one variantinthe multi-ancestry set, amissense variant of WDFY4
(rs7097397, R1816Q; Fig. 2e). Using a downsampling experiment,
we confirmed that this benefit was due to diversified LD structures
and allele frequency spectrum, as well as the increased sample size
(Supplementary Fig. 4 and Supplementary Note).

Conditional analysis

We conducted conditional analysesin each cohort to explore associa-
tionsindependent from the lead variants and meta-analyzed the results
using the same strategy. We detected 24 independent signals at 21
loci (P<5.0 x1078; Supplementary Table 7). Consistent with previous
results®*, we observed the largest number of independent associa-
tions at the /L2RA, TYK2 and TNFAIP3 loci, where we observed three
independent alleles (Extended Data Fig. 4).

Atthe/L6Rlocus, the conditional analysis identified two variants,
rs12126142 (thefirstlead variant) and rs4341355 (the second lead vari-
ant), that were weakly correlated with each other but independently
associated withRA (= 0.23and 0.15in EUR and EAS, respectively, of the
1000 Genomes Project Phase 3 (1IKG Phase 3); Supplementary Table 7).
Interestingly, their protective alleles (rs12126142-A and rs4341355-C)
almost always create a haplotype with therisk allele of the other variant
(Extended Data Fig. 5). Hence, the conditional analysis disentangled
theindependent yet mutually attenuating signals (Fig. 3a). By analyz-
ing expression quantitative trait loci (eQTLs) and splicing quantita-
tive trait loci (sQTLs) in three immune cell types from the Blueprint
consortium (CD4" T cells, monocytes and neutrophils)*’, we found that
rs12126142 and rs4341355 are likely to affect /L6R transcripts via differ-
ent mechanisms. GWAS signals conditioned on rs4341355 colocalized
withsQTLsignalsinmonocytes (posterior probability of colocalization
estimated by coloc software (PP,,..) > 0.99; Fig. 3b); this sQTL signal
corresponds toapreviously reported splicing isoform of soluble IL6R*.
On the other hand, GWAS signals conditioned on rs12126142 colocal-
ized witheQTLsignalsin CD4"T cells (PP, = 0.97; Fig. 3b). Therefore,
our results suggested that both splicing and total expression of IL6R
independently influence RA genetic risk.

Our conditional analyses also suggested interesting biology at
the PADI4-PADI2 locus. We found two independent associations at
this locus: esv3585367 (the first lead variant at a PAD/4 intron) and
rs2076616 (the second lead variant at a PADI2 intron), consistent with
previous studies'*° (Fig. 4a and Supplementary Table 7). In sQTL
results from the Blueprint consortium®, both PADI4 and PADI2 sQTL
signals in neutrophils were colocalized with corresponding GWAS
associations (PP,,,. = 0.98 and 0.79, respectively), suggesting that
alternative splicing of PADI4 and PADI2 likely increases RA risk.

PADI4 is critical for RA because it encodes an enzyme that
citrullinates proteins, the main target for autoantibodies in RA?>**,
However, unlike /L6R with two functionally distinct isoforms®, the full
picture of PADI4 splicing isoforms has not been extensively studied.
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Fig.1| Diverse ancestral backgrounds of GWAS participants. a, GWAS study
design. The total numbers of cases and controls are provided. b, PCA plot of

all GWAS samples. We projected each individual’s imputed genotype into a PC
space, which was calculated using allindividuals in 1KG Phase 3. The color of each
sample corresponds to its ancestry group. ¢, UMAP plots of all GWAS samples.
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We conducted UMAP analysis using the top 20 PC scores. The color of the
samplesinacohort corresponds to the country or region-level group of that
cohort (Supplementary Table 1). When a cohort recruited participants from
several countries, we did not plot its samples.

To elucidate detailed molecular biology at the PADI4 locus, we gener-
ated long-read sequencing datasets and inspected full-length PADI4
transcripts. We identified a novel and probably non-functional splice
isoform that produces a truncated protein-arginine deiminase (PAD)
domain, anessential catalytic domain with two calcium-binding sites**
(Fig. 4b). Next, we differentially quantified PAD/4 isoforms using RNA
sequencing (RNA-seq) datafrom105 Japanese donors’. We found that
the risk allele (esv3585367-A) was associated with a decrease of the
non-functional novelisoform and anincrease of the functionally intact
isoform (Fig. 4c). Notably, the allelic effect on total expression, which
had been conventionally used for eQTL studies, was not predictive of
that on the functional isoform (right panel in Fig. 4c). Together, our
analysis provides a novel genetic mechanism of PAD/4 and highlights
theimportance of thoroughly investigating splice isoforms at risk loci
using long-read sequencing.

Candidate causal genes at the associated loci

Next, we inferred the possible molecular consequences of all 148
detected variants: 124 lead variants (including two variants on the X
chromosome) and 24 secondary variants detected by the conditional
analysis.

First, we focused on coding variants in LD with the lead variants in
this GWAS (> 0.6 inboth EUR and EAS samples in 1KG Phase 3; Methods).
We found missense variants that may drive genetic signals at two novel
loci(Table1and Supplementary Table 8). Anexampleis rs2269495 (A313V
of TNIP2),in LD with alead variant rs4690029 (= 0.65and 0.89 in EUR

and EAS, respectively, of 1IKG Phase 3). rs2269495 is predicted to have
a damaging effect on TNIP2 protein function (SIFT score = 0.02; Sup-
plementary Table 8). The protein product of TNIP2 interacts with A20
(encoded by TNFAIP3) and inhibits nuclear factor kB (NF-kB) activation
induced by TNF. Mice witha defective mutant TNIP2 displayed intestinal
inflammation and hypersensitivity to experimental colitis*. Inaddition,
TNIP1,ahomolog of TNIP2, was identified as one of the novellociin this
GWAS (Supplementary Table 4). Together, these results suggested that
TNIPIand TNIP2are novel candidate causal genes of RA. Combined with
thewell-established TNFAIP3locus*® (Supplementary Table 4), these find-
ings further supported theimportance of the TNFAIP3 axis in RA biology.
Next, we inferred possible molecular consequences using QTLs.
We analyzed eQTLs and sQTLs in three immune cell types from the
Blueprint consortium (CD4" T cells, monocytes and neutrophils) and
multiple tissues from the GTEx consortium**’. We found colocalizing
QTL signals at ten novel loci (PP, > 0.7 and Pygp; > 0.001 estimated
by SMR software*®; Table 1and Supplementary Tables 9 and 10). Sev-
eral novel loci with colocalizing QTL signals suggested the biology of
non-immune systems, including joint tissues. For example, the risk
allele of rs55762233 was associated with increased expression of CILP2
(PP.o0c = 0.86; Py = 0.39), which encodes acomponent of the cartilage
extracellular matrix. Its homolog, C/LP1,was recently reported as one
of the candidate autoantigens of RA*. Therefore, the protein product
of CILP2 might also have a critical role in RA biology.
Wethensearched for other biologically plausible genes that might
explain novel signals and found several genes whose importance was
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Table 1| Novel RA risk loci detected in this study

Allele freq.in 1KG Phase 3

rsID Chr. Position Nearest gene Predicted causalgene OR L95 U95 Pvalue EAS EUR AFR SAS
rs41269479 1 42,166,782 HIVEP3 NA 115 1.09 1.20 2.51x10® 0.26 0.28 0.08 0.42
rs41313373 1 92,940,411 GFI1 GFI1(eQTL) 112 1.08 116 1.08x107® 0.01 014 0.01 0.10
51188620266 1 235,800,357 GNG4 NA 0.91 0.88 094 2.06x10® 0.83 0.61 0.22 0.70
rs143259280 2 70,209,168 PCBP1-AS1 C20rf42 (eQTL) 1.09 1.06 112 213x107® 0.46 0.32 0.89 0.32
rs77574423 3 11,984,744 TAMMA41, SYN2 (eQTL) 110 1.07 114 1.35x10® 0.56 0.72 0.57 0.74
SYN2
rs62264113 3 127,292,333 TPRA1 NA 0.92 0.89 0.95 466x10° 0.27 0.08 0.01 o.21
rs4687070 189,306,650 TPRGI, NA 115 1.09 1.20 6.07x107° 0.02 0.07 0.03 0.14
TP63
rs4690029 4 2,722,815 FAM193A TNIP2 (p.A313V) 0.94 0.92 096 2.83x10° 040 041 059 047
rs138066321 4 80,952,409 ANTXR2 ANTXR2 (eQTL) 0.93 0.91 0.95 4.48x10™° 0.38 0.45 0.09 0.32
rs58107865 4 109,061,618 LEF1 NA 0.84 0.80 0.88 4.92x10™ 0.21 0.01 0.00 0.03
rs56787183 5 40,499,290 LINCO0603, NA 0.85 0.80 090 215x107° 0.09 0.00 0.04 0.02
PTGER4
rs244468 142,604,421 ARHGAP26 NA 1.07 1.05 110 819x10° 0.79 0.51 0.41 0.60
151422673 5 150,438,988  TNIP1 NA 110 1.06 114 1.56x1078 0.50 0.19 0.39 0.29
rs113532504 6 15,195,682 LINCO1108, JARID2 (eQTL) 110 1.07 114 3.42x10°® 0.06 0.10 0.36 0.10
JARID2
rs67318457 6 23,925,021 LOC105374972, NA 1.08 1.05 m 110x10°® 0.14 0.27 0.37 0.05
NRSN1
rs940825 7 17,207,164 AGRS3, NA m 1.07 116 3.39x10® 0.18 0.12 0.05 0.06
AHR
15182199544 7 27,084,581 SKAP2, HOXA5 (eQTL) 0.87 0.84 091 361x10° 0.01 008 036 003
HOXAT1
rs6583441 7 50,361,874 IKZF1 NA 0.95 0.93 0.97 469x10° 0.53 0.47 0.33 o.M
rs6979218 7 99,893,148 CASTORS3, PILRA (p.R78G) 1.09 1.06 112 2.24x10™" 0.38 0.75 0.91 0.72
SPDYE3 PVRIG (p.N81D)
rs11777380 8 134,211,965 WISP1 NA 0.92 0.90 0.95 3.00x10™ 0.17 0.32 0.08 0.19
rs911760 9 5,438,435 PLGRKT NA 115 1.09 1.20 215%x107® 0.23 0.19 0.33 0.28
rs734094 1 2,323,220 Cllorf21, NA 1.08 1.05 110 3.40x107® 0.19 0.40 0.43 0.45
TSPAN32
rs1427749 12 46,370,116 SCAF11 ARID2 (eQTL) 0.93 0.90 0.95 117x1078 0.89 0.80 091 0.95
rs61944750 13 28,634,933 FLT3 NA 091 0.88 094 169x10° 0.05 0.21 0.09 0.09
rs2147161 13 42,982,302 AKAPT1, NA 110 1.06 113 273x107® 013 0.21 0.02 0.28
LINC02341
rs175714 14 75,981,856 JDP2, NA 0.94 0.92 096 414x10°® 043 060 030 064
BATF
rs115284761 15 77,326,836 PSTPIP1 NA 091 0.89 094 171x10™ 0.28 0.25 0.15 0.23
rs11375064 17 25,904,074 KSR1 KSR1(eQTL) 1.08 1.05 m 3.92x10°® 0.44 0.60 0.53 0.47
rs591549 18 3,542,247 DLGAP1 NA 0.91 0.88 094 914x10° 035 068 042 061
rs371734407 18 60,009,634 TNFRSF11A NA 110 1.06 114 414x10® 0.44 0.59 0.50 0.52
rs10415976 19 941,603 ARID3A NA 0.92 0.90 095 290x10°® 0.47 0.08 0.35 0.25
rs55762233 19 19,367,319 HAPLN4 CILP2 (eQTL), 110 1.07 114 1.43x107° 0.02 0.17 0.32 0.14
HAPLN4 (eQTL),
SUGP1 (eQTL),
TM6SF2 (eQTL),
TSSK6 (eQTL),
YJEFN3 (eQTL)
rs28373672 19 36,213,072 KMT2B IGFLR1(eQTL), 0.93 091 096 3.33x10° 0.24 0.23 0.62 0.29
LIN37 (eQTL)
rs8106598 19 52,017,940 SIGLEC12, NA 1.08 1.05 1m 312x10°® 0.08 022 032 017
SIGLEC6

Statistics in the GWAS setting with the lowest Pvalues are provided (see Supplementary Table 4 for details). GWAS statistics were calculated by a fixed effect meta-analysis of results from
logistic regression tests in each cohort. The genomic coordinate is according to GRCh37. rs ID, reference single nucleotide polymorphism cluster identification number; Chr., chromosome;
Predicted causal gene, predicted molecular consequences using eQTLs or non-synonymous variants (see Supplementary Tables 8-10 for details); NA, not applicable; OR, odds ratio (the effect

allele is the alternative allele); L95, lower 95% confidence interval; U95, upper 95% confidence interval; Allele freq., allele frequency of the effect allele.
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Fig.2|Fine-mapping analysis identified candidate causal variants. a, Among
122 autosomal loci analyzed, we counted the number of loci that had a 95%
credible set sizein a specified range. The results from EAS-GWAS, EUR-GWAS and
multi-ancestry GWAS are provided. b, The PIP of the lead variant and the size of
the 95% credible set at the 122 autosomal loci analyzed. The names of novel loci
withaPIP greater than 0.75 are labeled. We used multi-ancestry GWAS results.

¢, Ineachrange of PIP (the total numbers of variants are provided on top), we
calculated the proportion of non-synonymous variants or variants with high
IMPACT score (CD4* T cell T-bet annotation > 0.5). d, A fine-mapped variant at

the LEFIlocus within CD4" T cell-specific open chromatin regions. P values of
multi-ancestry GWAS are provided with a dense view of immune cell ATAC-seq
data (density indicates the read coverage) and vertebrate conservation data from
the UCSC Genome Browser (http://genome.ucsc.edu). e, Pvaluesin the WDFY4
locus in EAS-GWAS and multi-ancestry GWAS. r* values between each variant and
the lead variant (rs7097397) are shown using different colors. For multi-ancestry
GWAS, we used intersection of LD variants in EUR and EAS ancestries. P values
inthe GWAS results (d and e) were calculated by a fixed effect meta-analysis of
statistics from logistic regression tests in each cohort.

supported by previous knowledge (Table1and Supplementary Table 4).
First, TNFRSF11A encodes RANK, a key osteoclast regulator. Its ligand
RANKL has been investigated as a potential therapeutic target™'.
TNFRSFI11A is a causal gene for several bone-related Mendelian dis-
orders*>**. Second, WISPI encodes a protein essential for osteoblast
differentiation and bone formation®**. In addition, WISP1 is highly
expressed in HLA-DRA"™inflammatory sublining fibroblasts, which are
dramatically expanded and pathogenic in RA synovium®. Third, FLT3
encodes atyrosine kinase that regulates hematopoiesis and knocking
out of whose ligand suppressed arthritis in model mice”. A damaging
variant of FLT3was suggested to be associated with RA (P=4.3x107)
and other autoimmune diseases™.

Differences and similarities of genetic risk across ancestries

Next, we searched for ancestry-specific signals at 122 autosomal loci.
We defined ancestry specificity when the lead variantin each locus was
monomorphicin EUR or EAS samples of 1KG Phase 3. We found five
EUR-specificsignals: rs2476601 (a PTPN22 missense variant), rs9826420
(located inthe STAGI intronic region), rs7943728 (a FADS2eQTL), and
rs34536443 and rs12720356 (both TYK2 missense variants). EAS-GWAS
also identified an EAS-specific signal at the TYK2 locus: rs55882956,
another TYK2 missense variant. We therefore detected two EUR-specific
signals and one EAS-specific signal at the TYK2 locus (Extended Data

Fig. 6). All of these ancestry-specific signals were also reported by pre-
vious studies®>***’. This study was underpowered to detect specific
signalsinnon-EUR and non-EAS ancestries (Supplementary Fig. 5 and
Supplementary Note). Although ancestry-specific signals are relatively
few, they include predominantly large effect size variants, many of
which are missense; hence, they are valuable resources to understand
the etiology of RA.

Although we found these ancestry-specific signals, this study
showed that genetic signals are generally shared across ancestries.
We compared effect sizes between EUR-GWAS and non-EUR-GWAS
at the 30 fine-mapped variants (PIP > 0.5; Methods). We found
that the effect sizes were strongly correlated among five ancestries
(Pearson’sr=0.56-0.91; Supplementary Figs. 6-9 and Supplementary
Note). In addition, we targeted genome-wide variants and tested the
trans-ancestry genetic correlation between EUR-GWAS and EAS-GWAS
using Popcorn software®®. We again found a strong correlation
(0.64 (s.e.=0.08), P=4.4 x107; reported P value is for a test that the
correlationis different from 0).

Genome-wide distributions of heritability

Toacquireinsightsinto RAbiology, we estimated the heritability enrich-
ments within gene regulatory regions using S-LDSC*, a method to
infer the genome-wide distribution of all causal variants irrespective
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Fig.3|Splicing and total expression of IL6R jointly contribute to RA risk.

a, The first lead variant (rs12126142; magenta) and the second lead variant
(rs4341355; blue) mutually attenuate each other’s signals (controlling the effect
ofthe other increased their signals). Conditional analysis was conductedin
each cohort, and the results were meta-analyzed using the inverse-variance
weighted fixed effect model. We used multi-ancestry GWAS results. b, P values
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of sQTL signals for IL6R (phenotype ID: ENSGO0000160712.8.17_154422457
inthe Blueprint dataset) and eQTL signals for IL6R (total expression of IL6R).
Linear regression tests were used to calculate P values. Variants in LD with the
lead variant are highlighted in magenta or blue (> 0.6 inboth EUR and EAS
ancestries). These statistics are also provided in Supplementary Table 9.
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Fig. 4| Splicing of PADI4 contributes to RA risk. a, Conditional analyses
identified two independent associations at the PAD/4 locus: esv3585367
(magenta) and rs2076616 (blue). We used multi-ancestry GWAS results. Variants
inLD with the lead variant are highlighted in magenta or blue (> 0.6 inboth EUR
and EAS ancestries). These statistics are also provided in Supplementary Table
9.b, Anovel PADI4 splice isoform confirmed by long-read sequencing datasets.
PADI4-novel, anovel isoform that we identified; PADI4-201, a functional isoform.
PADI4-novel has an elongation of exon 10 that leads to an early stop codonand a
truncated PAD domain at the carboxy terminus. The PAD domain is an essential
catalytic domain**, and highly conserved across other PADI genes. ¢, The total
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expression and the expression of three isoforms of PADI4 were plotted with the
imputed dosages of the risk allele (esv3585367-A). The isoform structures are
showninb. We analyzed RNA-seq data from 105 healthy Japanese individuals
reported in a previous study’. We used peripheral blood leukocytes (neutrophils
areits main component) and monocytes; both have high PADI4 expression levels.
Pvalues from linear regression are provided. Within each boxplot, the horizontal
lines denote the median, the top and bottom of each box denote the interquartile
range (IQR), and the whiskers denote the maximum and minimum values within
eachgrouping no further than1.5 x IQR from the hinge.
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Fig. 5|S-LDSC analysis suggested similar causal variant distributions in
EUR-GWAS and EAS-GWAS. a, EUR-GWAS and EAS-GWAS results were analyzed
by S-LDSC using 707 IMPACT annotations. P values were calculated by block-
jackknife implemented in the LDSC software and indicate the significance of non-
negative tau (per variant heritability) of each annotation (one-sided test). The
color of each annotation indicatesiits cell-type category. The horizontal dashed
lineindicates the Bonferroni-corrected P value threshold (0.05/707 = 7.1 x 1075).
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b, The estimate and its 95% confidence interval of the heritability proportion
explained by the top 5% of IMPACT annotations. Confidence intervals and

the Pvalues indicating non-negative tau were estimated via block-jackknife
implemented in the LDSC software (one-sided test). The color of each annotation
indicates the type of GWAS when a heritability enrichment was significant
(P<0.05/707 =7.1x107). ‘Both’ indicates that the annotation was significantin
both EUR-GWAS and EAS-GWAS.
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Fig. 6 | Fine-mapped variants with high IMPACT scores. Among six loci with
lead variants that exhibited high PIP and high IMPACT scores (both>0.5), we
show three example loci with PIP > 0.99. P values in multi-ancestry GWAS are
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shownin the top panels and were calculated by a fixed effect meta-analysis of
statistics from logistic regression tests. The track of CD4" T cell T-bet IMPACT
annotation is shown in the bottom panels.

of their effect sizes. We used 707 IMPACT regulatory annotations,
which reflect comprehensive cell-type-specific transcription factor
activities®. In brief, IMPACT probabilistically annotates each nucleo-
tide genome-wide on a scale from O to 1 reflecting cell-type-specific
transcription factor activities, and we considered genomic regions
scoringinthetop 5% of each annotation. We detected significant enrich-
mentsin1l4 annotationsin either EUR or EAS (P < 0.05/707 =7.1x1075;
Fig. 5a and Supplementary Table 11). The amount of heritability
explained by each annotation was highly concordant between EUR
and EAS (Pearson’s r=0.92; P=1.3 x 10%%; Fig. 5b), and we did not
observe significant heterogeneities between EUR and EAS estimates
(Phec > 0.05/707 = 7.1 x 107°). Among annotations with significant enrich-
ments, the one that explained the largest fraction of EUR heritability was
CD4' T cell T-bet annotation (90%; s.e. = 11%). This annotation explained
94% (s.e. =12%) of EAS heritability, consistent with analyses on previ-
ous GWAS results®>. Our conclusion that the CD4" T cell is the primary
driver of RA genetic risk is in line with several previous studies”*>>*,
However, it is important to note that CD4" T cells do not explain
all heritability (Supplementary Note). We also analyzed 396 histone
mark annotations, but they were less enriched in RA heritability
than CD4" T cell T-bet annotation (Extended Data Fig. 7, Supplemen-
tary Table 12 and Supplementary Note). In addition to identifying

candidate critical transcription factorsin RA pathology, these results
alsosuggest that the distribution of causal variants is shared between
EUR and EAS.

Next, we tested whether the findings in S-LDSC analysis could be
recapitulated in fine-mapped variants from genome-wide significant
loci. We analyzed credible set variants and found that high PIP vari-
ants (>0.5) were enriched in high IMPACT score variants for the CD4*
Tcell T-bet annotation (>0.5), compared with low PIP variants (Fig. 2c;
OR =8.7; one-sided Fisher exact test P=1.5 x 10™*). We found six vari-
ants that possess high PIP and high IMPACT score, and one of themisa
novel association at theintronic region of LEFI (rs58107865; Fig. 6 and
Supplementary Table 6). Together, both polygenic and fine-mapped
signals support the critical role of the T-bet activity of CD4" T cells in
RA pathology.

PRS performance across five ancestries

Our results showed that multi-ancestry GWAS can detect causal vari-
ants more efficiently than single-ancestry GWAS and that these causal
variants are strongly enriched within the CD4* T cell T-bet annotation.
Therefore, we hypothesized that multi-ancestry GWAS and CD4" T cell
T-bet annotation can improve PRS performance in non-EUR popula-
tions. Totest this, we developed PRS models withsix different conditions
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Fig.7|Functional annotation and multi-ancestry GWAS improved PRS
performances. a, The strategy of our PRS analysis. We used PRS based on three
GWAS settings: two single-ancestry PRS (EUR-PRS and EAS-PRS) and a multi-
ancestry PRS. Single-ancestry PRS had two types of applications: same-ancestry
application of PRS (EUR-PRS applied to EUR cohorts, or EAS-PRS applied to EAS
cohorts) and different-ancestry application of PRS (EUR-PRS applied to non-
EUR cohorts, or EAS-PRS applied to non-EAS cohorts). When we applied a PRS
model toacohortincluded ina GWAS setting, we reconducted the meta-analysis
excluding that cohort to avoid overlapped samples (the LOCO approach).

The numbers of each application are shown. b, Theimprovementsin PRS
performance (liability-scale R?) by CD4" T cell T-bet IMPACT annotation.

Fold change indicates R?in functionally informed PRS divided by R?in standard
PRS. We compared three conditions: same-ancestry application of single-
ancestry PRS (n = 33), different-ancestry application of single-ancestry PRS
(n=41), and multi-ancestry PRS (n = 37). One-sided sign test P values are shown.
We used the LOCO approach where applicable. ¢, The performance (liability-scale
R?) of three different PRS models. The results of three PRS models in all cohorts

E] Case [:] Control

areshowninthe left panel (n = 37). The results of multi-ancestry PRS in three
cohort groups are shown in the right panel (n =25, 8 and 4, respectively, from
left to right). The differences in R* were assessed by two-sided Wilcoxon test. In
all conditions, CD4" T cell T-bet IMPACT annotation was used to select variants.
We used the LOCO approach where applicable. d, PRS distribution differences
between case and control. Multi-ancestry PRS with CD4" T cell T-bet IMPACT
annotation was used. We used the LOCO approach. In each cohort, PRS was
scaled using mean and s.d. of the control samples, and individual level data were
merged across cohortsin an ancestral group. For a given PRS value at the right tail
of PRS distribution, we compared the case-control ratios between individuals
whose PRS was higher than that value and individuals whose PRS was lower than
that value, and calculated the OR. The PRS values with OR = 3 are shown with
solid vertical lines. Within each boxplot (b and c), the horizontal lines indicate
the median, the top and bottom of each box indicate the IQR, and the whiskers
indicate the maximum and minimum values within each grouping no further
than 1.5 x IQR from the hinge.

using combinations of two components: (1) two variant selection set-
tings (we used all variants or variants within the top 5% of the CD4" T cell
T-bet annotation, and refer to PRS based on each of them as standard
PRS or functionally informed PRS, respectively) and (2) three GWAS
settings (we used multi-ancestry, EUR-GWAS or EAS-GWAS, and refer
to PRS based on each of them as multi-ancestry, EUR-PRS or EAS-PRS,
respectively). We designed our study so that there were no overlapping

samples: when we evaluated the PRS performance in a given cohort,
weredid the meta-analysis to exclude the cohort to develop PRS mod-
els; we call this approach the leave-one-cohort-out (LOCO) approach
(Fig. 7a and Methods).

We defined the performance of PRS by the phenotypic variance
(Nagelkerke’s R?) explained by PRS and the area under the receiver
operating characteristic curve (AUC), and selected the Pvalue
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threshold with the best performance (Methods). We confirmed that our
multi-ancestry PRS outperformed that of the previous study?® (Extended
DataFig. 8). We also validated the performance of our multi-ancestry
PRS model using an external dataset (Supplementary Fig. 10 and
Supplementary Note).

First, we evaluated the variant selection settings used for PRS
(standard and functionally informed PRS). Consistent with our recent
study®, functionally informed PRS improved the application of PRS
constructed from different ancestries (EUR-PRS applied to non-EUR
cohorts, or EAS-PRS applied to non-EAS cohorts). Functionally
informed PRS increased R? by 2.7 fold on average (Fig. 7b and
Supplementary Table 13). On the other hand, also consistent with our
recent study®, this improvement was relatively small in the applica-
tion of PRS constructed from the same ancestry (EUR-PRS applied
to EUR cohorts, or EAS-PRS applied to EAS cohorts). Functionally
informed PRS increased R? by 1.3 fold on average (Fig. 7b). PRS based
on single-ancestry GWAS is affected by LD structures of the GWAS
participants’ ancestral backgrounds; this can reduce performance
in prediction when we apply this PRS to ancestries with different LD
structures. These results confirmed that functionally informed PRS
can mitigate this problem. Expectedly, for multi-ancestry PRS, which
prioritizes causal variants over variants solely associated through link-
age, the benefit of functionally informed PRS was very subtle; function-
ally informed PRS increased R? by only 1.02 fold on average (Fig. 7b).
As CD4'T cell T-bet annotation always had beneficial or neutral effects
on PRS performance, we used functionally informed PRS for the
following analyses.

Next, we evaluated the GWAS settings used for PRS (multi-ancestry,
EUR-PRS and EAS-PRS). Consistent with arecent study”, multi-ancestry
PRS outperformed EUR-PRS and EAS-PRS; mean R? values across 37
cohorts were 0.054, 0.041 and 0.022 in multi-ancestry, EUR-PRS and
EAS-PRS, respectively (Fig. 7c). Even for EUR cohorts for which the
largest same-ancestry GWAS was available, multi-ancestry PRS out-
performed EUR-PRS (one-sided paired Wilcoxon test P=3.3 x107%;
Extended DataFig. 9).

Finally, we compared the performance of multi-ancestry PRS in
each population. The best performance was found in the EUR cohorts
(mean R?=0.059; mean AUC = 0.66; Fig. 7c,d, Extended Data Fig. 10,
Supplementary Fig.11and Supplementary Table 13). The PRS explained
around half of the heritability by the non-MHC common variants, which
isthe theoretical upper limit (Supplementary Table 2). Strikingly, the
performance in the EAS cohorts was comparable with that of the EUR
cohorts; the mean R?> was 0.057 (Wilcoxon test P=0.67 compared
with EUR cohorts) and the mean AUC was 0.66 (Wilcoxon test P=0.69
compared with EUR cohorts). However, we observed poor PRS per-
formances in the AFR, SAS and ARB cohorts; the mean R? was 0.018
(Wilcoxon test P=0.002 compared with EUR cohorts) and the mean
AUC was 0.59 (Wilcoxon test P= 0.0015 compared with EUR cohorts).
Together, multi-ancestry PRS exhibited the best performance in all
ancestriesin this study. However, the PRS performance in each ances-
try was substantially affected by its sample size in this multi-ancestry
GWAS, which firmly shows that it isimperative to increase the sample
sizes of underrepresented ancestries to equalize genetic predictability
of disease status.

Discussion

This study identified 34 novel genetic signals and 95% credible sets
with fewer than ten variants at 43 loci. By using multiple functional
annotations and prior immunological knowledge, we explored their
potential molecular consequences. In addition to the novel loci, our
comprehensive analyses provided novel biological interpretations at
knownloci (forexample, /L6R and PADI4). We conducted detailed analy-
ses on ancestry specificity; although most genetic signals are shared
across ancestries, we observed some ancestry-specific signals. We also
found several candidates of critical transcription factors contributing

to RA biology. This multi-ancestry study thus substantially advances
our understanding of RA biology.

We used molecular QTL databases to infer gene regulatory func-
tions of risk alelles. This approachis standard but has alimited ability
to explore the allelic role comprehensively, as reported in a previ-
ous study®’. Owing to limited tissue availability, eQTL signals in the
critical tissues (such as cartilage and synovium) may not be captured
by current eQTL databases. As gene regulation is highly cell-type or
cell-state specific, we need to extend QTL experimental conditions to
overcome this limitation. Single-cell QTL analysis may also represent
a promising strategy®®. Another promising approach is introducing
risk alleles in target cell populations using gene-editing techniques;
previous studies have reported the feasibility of this approach® .
Future advancesin functional genomics could improve the biological
insights from our GWAS.

Poor PRS performance innon-EUR ancestries is becoming one of
the major challenges in human genetics. Conducting amulti-ancestry
GWAS on alarge scale is a promising strategy to mitigate this issue.
Indeed, multi-ancestry PRS performance in EAS cohorts was compa-
rable tothosein EUR cohorts, demonstrating that this study mitigated
inequality of genetic benefit at least partially (Fig. 7c). However, this
study was underpowered to detect specific signals in non-EUR and
non-EAS ancestries, resultingin poor PRS performance in these ances-
tries. Toovercomethese limitations, we need further efforts to diversify
GWAS and increase sample sizes of underrepresented ancestriesasin
other common complex diseases.

Online content

Any methods, additional references, Nature Research reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butionsand competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41588-022-01213-w.
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Methods

Study participants

Weincluded 35,871RA cases and 240,149 controlindividuals of EUR, EAS,
AFR, SAS and ARB ancestry from 37 cohorts (Supplementary Table 1).
All RA cases fulfilled the 1987 American College of Rheumatology
(ACR) criteria’® or the 2010 ACR/European League Against Rheumatism
criteria”, or were diagnosed with RA by a professional rheumatologist.
Amongthe 35,871 cases, seropositivity status was available for 31,963;
27,448 were seropositive and 4,515 were seronegative (Supplementary
Table 1). We defined seropositivity as the presence of rheumatoid
factor or anti-citrullinated peptide antibodies. When aseropositive and
seronegative GWAS had fewer than 50 cases, we excluded it from this
study, as GWAS with too few samples produces unstable statistics. All
cohorts obtained informed consent fromall participants by following
the protocols approved by their institutional ethical committees. We
provideallist of institutional review boards that approved each study
inthe Supplementary Note. We have complied with all relevant ethical
regulations.

Genotyping and imputation

We conducted genotype quality control (QC), imputation, and case-
control association tests separately for each cohort. Genotyping
platforms and all QC parameters of each cohort are provided in
Supplementary Table 1. We used PLINK v1.9 software (https://www.
cog-genomics.org/plink/1.9) for QC processes. For QC of samples, we
excluded those with (1) low sample call rate, (2) closely related indi-
viduals and (3) outliers in terms of ancestries identified by principal
component analysis (PCA) using the genotyped samples and all 1IKG
Phase 3 samples. As1KG Phase 3 does notinclude ARB samples, we did
notexcludeindividualsinthe ARB cohortbased on ancestral outliers.
For QC of genotypes, we excluded variants meeting any of the following
criteria: (1) low call rate, (2) low minor allele frequency (MAF) and (3)
low P value for Hardy-Weinberg equilibrium. Post-QC genotype data
of each cohort were pre-phased using Shapeit2 (v2.r727, v2.r837 or
v2.r904; https://mathgen.stats.ox.ac.uk/genetics_software/shapeit/
shapeit.html) or Eagle v2 software (https://alkesgroup.broadinstitute.
org/Eagle). We used Minimac3 (v2.0.1; https://genome.sph.umich.edu/
wiki/Minimac3) or Minimac4 (v1.0.0; https://genome.sph.umich.edu/
wiki/Minimac4) for imputation. For EUR, AFR and ARB cohorts, we
conducted imputation using the 1KG Phase 3 reference panel. For EAS
and SAS cohorts, we conducted imputation using reference panels that
were generated by merging the 1KG Phase 3 panel and whole-genome
sequencing (WGS) data of each population (Supplementary Table 1);
we used WGS data of 1,037 Japanese’?, 89 Korean’®, 7 Chinese’ or 96
Malaysianindividuals”. For ChrX analyses, we restricted our analyses
tothe non-pseudo-autosomal region of ChrX, as very few variants were
genotypedinthe pseudo-autosomal regioninsome cohorts. First, we
split the genotype data into male and female samples and conducted
phasing and imputation separately. For QC ofimputed genotype data,
we excluded variants with low imputation quality (imputation 2 < 0.3)
from each cohort, excluded variants with minor allele count less than
teninthereference panel, and thenincluded variants that passed QC
in at least five cohorts; overall, we included 20,990,826 autosomal
variants and 736,614 X chromosome variants. The genomic coordi-
nate is according to Genome Reference Consortium human build 37
(GRCh37) inall analyses.

PCA and UMAP using all GWAS participants

Toassess the ancestral background diversity of all GWAS participants,
we projected them into the same PC space based on their imputed
genotype data. From variants that passed QC criteriain all 37 cohorts
(imputation r* > 0.3), we first identified 12,196 independent imputed
variants (r* < 0.2in EUR samples of 1IKG Phase 3). Owing to dataaccess
restrictions, we were not able to transfer raw imputed genotype data
across different institutes; hence, we were not able to conduct one

PCAusingallindividuals. Therefore, we first conducted PCA using these
variants and all samples in 1KG Phase 3, and calculated the loadings
of eachvariant forthe top 20 PCs. We then calculated eachindividual’s
PC scores using these loadings and imputed dosage of our GWAS
samples. We further conducted UMAP using the umap package
(v0.2.0.0) in R with these top 20 PC scores (n_neighbors =30 and
min_dist =0.8).

Genome-wide association analysis

We conducted GWAS in each cohort by a logistic regression model
using PLINK v2 software (https://www.cog-genomics.org/plink/2.0).
For ChrX analyses, wefirst split the genotype datainto male and female
samples and conducted association tests separately. We treated the
allele count of female as {0,1,2} and that of male as {0,2} in associa-
tion tests, assuming dosage compensation in females. We included
sex and genotype PCs within each cohort as covariates. We used the
age covariate (age at recruitment) only in the ARB cohort. Details of
covariates are provided in Supplementary Table 1. We then conducted
meta-analysis using all cohorts by the inverse-variance weighted fixed
effect model as implemented in METAL (multi-ancestry GWAS). For
ancestries with multiple cohorts, we similarly conducted meta-analysis
withineachancestry (EUR-GWAS, EAS-GWAS and AFR-GWAS). Although
we adopted different versions of Minimac (Minimac3 or Minimac4)
dependent on the cohorts, this does not affect meta-analysis results,
as we conducted case-control association tests separately for each
cohort. Whenthe seropositivity status was available, we also conducted
GWAS only using seropositive RA samples and controls. We defined
alocus as a genomic region within £1 megabase (Mb) from the lead
variant, and we considered a locus as novel when it did not include
any variants previously reported for RA. For non-RA autoimmune
diseases (systemic lupus erythematosus, systemic sclerosis, Sjogren’s
syndrome, dermatomyositis, juvenile dermatomyositis, and polymy-
ositis), we used a £0.5 Mb window from the lead variant. We defined
reported variants as significant variants (P<5x107®) reported in the
GWAS Catalog (https://www.ebi.ac.uk/gwas; e104_r2021-10-06) and
thosereportedin previous literature that we searched manually. As we
need a unique analytical strategy for the MHC locus, we excluded the
MHC region (chr6:25Mb-35Mb) from this study, which willbe reported
inanaccompanying project. To compare the outputs of the fixed effect
meta-analysis with those of therandom effect meta-analysis, we applied
MR-MEGA (v0.1.5; https://genomics.ut.ee/en/tools) to the same sets
of cohorts and conducted a multi-ancestry meta-analysis (Supple-
mentary Note).

We performed stepwise conditional analysis within +1 Mb from
the lead variant. We conducted the same logistic regression model
but including the dosages of the lead variants (index variants in the
firstround of conditional analysis) as covariates in each cohort; when
the lead variants did not exist in the post-QC imputed genotype data
of a cohort (imputation 2> 0.3), we excluded that cohort from the
analysis. We then conducted meta-analysis using the same strategy
and identified the second lead variant. We repeated these processes
by sequentially adding the identified lead variants as covariates until
we did not detect any significant associations (P <5 x1078).

Estimation of heritability and bias in GWAS results

We estimated heritability and confounding bias in EUR-GWAS and
EAS-GWAS results with S-LDSC using the baselineLD model (v2.1) and
LDSC software (v1.0.0). As S-LDSC assumes that GWAS has samples
from a single ancestral background and a sufficient sample size, we
restricted this analysis to EUR-GWAS and EAS-GWAS. For EUR-GWAS, we
used LD scores calculatedin EUR samplesin1KG Phase 3. For EAS-GWAS,
we used LD scores calculated in EAS samples in 1KG Phase 3. As LDSC
required a large sample size in GWAS (typically >5,000 individuals),
werestricted this analysis to EUR-GWAS and EAS-GWAS. We estimated
that the prevalence of RAwas 0.5% in both ancestries.

Nature Genetics


http://www.nature.com/naturegenetics
https://www.cog-genomics.org/plink/1.9
https://www.cog-genomics.org/plink/1.9
https://mathgen.stats.ox.ac.uk/genetics_software/shapeit/shapeit.html
https://mathgen.stats.ox.ac.uk/genetics_software/shapeit/shapeit.html
https://alkesgroup.broadinstitute.org/Eagle
https://alkesgroup.broadinstitute.org/Eagle
https://genome.sph.umich.edu/wiki/Minimac3
https://genome.sph.umich.edu/wiki/Minimac3
https://genome.sph.umich.edu/wiki/Minimac4
https://genome.sph.umich.edu/wiki/Minimac4
https://www.cog-genomics.org/plink/2.0
https://www.ebi.ac.uk/gwas
https://genomics.ut.ee/en/tools

Article

https://doi.org/10.1038/s41588-022-01213-w

Fine-mapping analysis

We conducted fine-mapping analysis using approximate Bayesian factor
(ABF) and constructed 95% credible set for each significant locus®.
We used multi-ancestry GWAS results. We included all 122 autosomal
loci (P<5.0 x107®%). We calculated ABF of each variant according to
equation (1):

ABF =

w,
exp
SE> +w [ 2SE? (552 + a)) ]

where fand SE are the variant’s effect size and standard error, respec-
tively; w denotes the prior variancein allelic effects (we empirically set
this value to be 0.04)”. For each locus, we calculated PIP of variant k
according to equation (2):

ABF,

PIP = =
7 3, ABF,

wherej denotes all of the variants included in the locus. We sorted all
variants in order of decreasing PIP and constructed 95% credible set
including variants from the top PIP until the cumulative PIP reached
0.95. When we compared the fine-mapping resolution across dif-
ferent GWAS settings, we also applied this fine-mapping strategy to
EUR-GWAS and EAS-GWAS for all 122 autosomal loci.

Functional interpretation of fine-mapped variants

We quantified the enrichment of the 95% credible set variants at the
113 autosomallociwithin ATAC-seq (assay for transposable-accessible
chromatin using sequencing) peaks in 18 hematopoietic populations
using gchromVAR software (v0.3.2)*. We used the default parameters
and ATAC-seq data processed by the developers. To access the specific-
ity ofagiven ATAC-seq peak, we first normalized the read count of that
peakin all 18 hematopoietic populations (each peak’s read count was
divided by the total number of read counts, scaled by 1,000,000, added
1as an offset value, and log,-transformed), and transformed these 18
normalized countsinto Zscores.

Functional interpretation of associated variants

We inferred the possible molecular consequences of all 148 variants
detected in this study. First, we focused on coding variants in LD with
thelead variantsinthis GWAS (r? > 0.6 inboth EUR and EAS samplesin
1KG Phase 3; when the lead variant was monomorphicin one ancestry,
we used the other ancestry). To annotate coding variants, we used
ANNOVAR (v2018-04-16) and assessed their potential impacts on
protein function; we reported SIFT and PolyPhen-2 (HDIV) scores. To
interpret their effects on gene regulation, we tested colocalization
of our GWAS signals and eQTL or sQTL signals using coloc software
(v2.3.1)**and SMR software (v1.03)*. SMR outputs P, Whichindicates
heterogeneity between eQTL and GWAS signals (larger Py, SUppOrts
colocalization). We used the intersection of high posterior probability
(>0.7 estimated by coloc) and non-significant Py p; (Pyep > 0.001) as
evidence of colocalized signals. We analyzed eQTL and sQTL results
from the Blueprint consortium database (CD4" T cells, monocytes
and neutrophils) and eQTL results from the GTEx project v8 database
(49 tissues)*”¥. As coloc and SMR assume GWAS and QTL signals are
obtained from the same ancestry group, we used only EUR-GWAS
results for this analysis. We used EUR samples of 1KG as the reference
set for LD datain SMR analysis.

Capture RNA-seq of PADI4 isoforms

We obtained total RNAs from THP-1 cells after stimulation with phor-
bol myristate acetate (PMA) for 72 h, which induces the expression of
PADI4”. We reverse-transcribed the RNA (10 ng) into complementary
DNAs with Smart-seq2 primers’® (Oligo-dT-smartseq2:/5Me-isodC/

AAGCAGTGGTATCAACGCAGAGTACTTTTTTTTTTTTTTTTTTITTTTTT
TTTTTTVN; 5Me-isodC-TSO:/5Me-isodC/AAGCAGTGGTATCAACGCAG
AGTACATrGrG+G), and then amplified them using ten cycles of PCR. We
hybridized PADI4 isoforms with xGen Lockdown Probes (5’-biotinylated
120-mer DNA probes synthesized by Integrated DNA Technologies;
Supplementary Table 14) designed for all exons of the PAD/4 main iso-
form. We captured the hybridized cDNAs with streptavidin-conjugated
magnetic beads and then sequenced them with a MinlON sequencer
using a Ligation Sequencing Kit (Oxford Nanopore Technologies,
LSK-SQK109). We analyzed the sequenced reads using FLAIR (https://
github.com/BrooksLabUCSC/flair).

Wethen performed sQTL analysis targeting PADI4 using the eQTL
dataof peripheral blood subsets’. We reassembled and quantified the
RNA-seq reads for PADI4 isoforms, including the newly discovered
isoform, using Cufflinks (v2.2.1; http://cole-trapnell-lab.github.io/
cufflinks). We calculated the isoform ratio by dividing each isoform
expression (FPKM, fragments per kilobase of transcript per million
mapped fragments) over total isoform expression.

Distribution of causal variants

We conducted S-LDSC to partition heritability using LDSC software
(v1.0.0). As S-LDSC assumes that GWAS has samples from a single
ancestral background and a sufficient sample size, we restricted
this analysis to EUR-GWAS and EAS-GWAS. For this analysis, we used
707 cell-type-specific IMPACT annotations and 396 histone mark
annotations®**. IMPACT regulatory annotations were created by
aggregating 5,345 epigenetic datasets to predict binding patterns
of 142 transcription factors across 245 cell types. We computed
annotation-specific LD scores using the EUR samplesin 1KG Phase 3 to
analyze EUR-GWAS results. Similarly, we used EAS samplesin 1KG Phase
3toanalyze EAS-GWAS results. We estimated heritability enrichment
of each annotation, while controlling for the 53 categories of the full
baseline model. When we controlled the effect of an annotation, we
conducted the same S-LDSC analysis but also included that anno-
tation in a single model. We excluded variants in the MHC region
(chr6:25Mb-35Mb).

Trans-ancestry comparison of genetic signals

First, we sought to compare the effect size estimates among GWAS
results from each ancestry at the lead variants. However, the lead
variants are not always the causal variants; hence, we restricted our
targets to fine-mapped lead variants (PIP > 0.5). In addition, we
excluded rare variants from this analysis because the effect sizes could
notbeaccurately estimated for rare variants (MAF < 0.0lineither of the
major ancestries in1KG Phase 3). Overall, we included 30 fine-mapped
variants for this analysis. The P value for heterogeneity was calculated
using Cochran’s Q test.

Next, we obtained multi-ancestry genetic-effect correlation using
Popcorn software (v1.0)°. We restricted this analysis to EUR-GWAS
and EAS-GWAS to avoid a biased correlation estimate caused by the
small sample size. We used summary statistics of EUR-GWAS and
EAS-GWAS, and selected association statistics from variants with at
least non-missing genotype from 5,000 individuals. We also excluded
the MHC region from the analysis because of its complex LD struc-
ture. Using these post-QC summary statistics, we calculated the
multi-ancestry genetic-effect correlation between EUR and EAS with
pre-computed cross-ancestry scores for EUR and EAS 1KG ancestries
provided by the authors.

Polygenicrisk score

We used the pruning and thresholding method to calculate PRS in
this study. We developed PRS models with six different conditions
using combinations of two components: (1) two variant selection set-
tings and (2) three GWAS settings, as described above. We designed
our study so that the samples used in constructing PRS would
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be independent from the samples in validation. When we evalu-
ated the PRS performance in a given cohort, we reconducted GWAS
meta-analysis excluding that cohort to develop PRS models (Fig. 7a).
Before pruning, we removed rare variants from three GWAS results to
reduce unstable effect estimatesin PRS (MAF < 0.01in EUR samples of
1KG Phase 3 for EUR-GWAS and multi-ancestry GWAS, and MAF < 0.01
in EAS samples of 1KG Phase 3 for EAS-GWAS). We also restricted this
analysisto the variants that existin both the GWAS results and post-QC
imputed genotype of a cohort for which we apply PRS, and then we
selected variants based on IMPACT annotation or used all variants
(as described above). To LD-prune variants (r* < 0.2), we used haplo-
type information in EUR samples of 1KG Phase 3 for EUR-GWAS and
multi-ancestry GWAS, and EAS samples of 1IKG Phase 3 for EAS-GWAS.
For each of six conditions, we used ten different P value thresholds: 0.1,
0.03, 0.01, 0.003,0.001,3.0x10™,1.0 x10™#,3.0 x10%,1.0 x 10~ and
5.0 x107%; thus, we ended up having 60 different PRS models (6 condi-
tions x 10 Pvalue thresholds). We applied these 60 PRS models to 37
cohorts and applied a logistic regression model using per-individual
PRS including the same covariates as used in GWAS; we evaluated
PRS performances by Nagelkerke’s R? and the AUC. All R? values were
reported in aliability scale. AUC was calculated using pROC (v1.18.0).
Ineach of thesix PRS conditions, we selected the P value threshold with
thelargest average Nagelkerke’s R and used this P value threshold for
the following analyses.

To discuss the PRS distributioninan ancestry, we first calculated
PRS in each cohort using a specified condition; next, we scaled those
PRS values using the mean and the standard deviation of the PRS of
only the controlsamplesinthat cohort,and we then merged PRS values
across cohorts in an ancestry. We approximated the PRS distribution
in a general population by using that in control samples. For a given
PRSvalue (at theright tail of PRS distribution), we compared the case-
controlratios betweenindividuals whose PRSis higher than that value
and individuals whose PRS is lower than (or equal to) that value, and
calculated the OR. We then identified the minimum PRS value that
showed OR > 3.

Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this article.

Data availability

We deposited six sets of summary statistics (multi-ancestry, EUR-GWAS
and EAS-GWAS for all RA and seropositive RA) to the GWAS Catalog
underaccessionIDs GCST90132222, GCST90132223, GCST90132224,
GCST90132225, GCST90132226 and GCST90132227. We deposited
the PRS model (multi-ancestry PRS with CD4" T cell T-bet IMPACT
annotation) to the Polygenic Score (PGS) Catalog; the publication ID
isPGP000357,and the score ID is PGS002745. Summary statistics and
the PRSmodel are also available at https://data.cyverse.org/dav-anon/
iplant/home/kazuyoshiishigaki/ra_gwas/ra_gwas-10-28-2021.tar. The
UK Biobank analysis was conducted via application no. 47821.

Code availability

The codes are available at our website (https://github.com/immunog-
enomics/RA_GWAS) and archivedin Zenodo (https://doi.org/10.5281/
zen0do0.6999289).
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Extended Data Fig.1| PCA and UMAP plot of 1KG Phase 3. a, We projected each

20 PC scores of all GWAS samples and all individuals in 1KG Phase 3. We plotted all
samples in 1IKG Phase 3 or plotted samples in each ancestry separately. UMAP plot
of all GWAS samplesis provided in Fig. 1c.

individual’'simputed genotype into a PC space, which was calculated using all
individuals in 1KG Phase 3. b, We further conducted UMAP analysis using the top
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Extended Data Fig. 2| Effect size heterogeneity between seropositive and
seronegative RA. a, Odds ratio and its 95% confidence interval of seropositive
and seronegative RA are plotted. Among the lead variants at 122 significant
autosomal loci, we plotted 118 variants common in EUR of 1KG Phase 3

(MAF > 0.01). We present the results from multi-ancestry GWAS and EUR-GWAS.
Effect size heterogeneity was assessed in the multi-ancestry GWAS results by
Cochran’s Q test (P,,,). Pearson’s correlation data are provided. b, Differences

(delta) of effect size magnitude between seropositive and seronegative RA.
Apositive deltaindicates alarger magnitude of effect size in seropositive RA than
seronegative RA. We defined the standard error (s.e.) of delta by the following
formula: /S.E2,,, +S.E2 We provided 2 x s.e. of delta as error
bars. Inseropositive RA GWAS, we had 27,448 cases and 240,149 controls; in
seronegative RA GWAS, we had 4,515 cases and 240,149 controls.
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Extended Data Fig. 3| Enrichment of high PIP variants within open chromatin  software. The horizontal dashed line indicates Bonferroni corrected Pvalue
regions of 18 blood cell populations. Enrichment of high PIPvariants within threshold (0.05/18 = 0.0027). Pvalues were estimated by the enrichment test
open chromatin regions of 18 blood cell populations was analyzed by gchromVAR  implemented in gchromVAR.
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loci. a,b, Conditional analysis was conducted in each cohort, and the results lead variant (> 0.6 both in EUR and EAS ancestries) in each round of conditional
were meta-analyzed using the inverse-variance weighted fixed effect model analysis are highlighted by different colors.

(a, IL2RAlocus; b, TNFAIP3locus). We used multi-ancestry GWAS results. Results
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Extended Data Fig. 5| Haplotype-level association test at the IL6R locus.

Freq | Freq
Haplotype | rs12126142  rs4341355 | P | Fo0
Hap1 Risk Risk 0.402 |0.376 '_..| P=71x10"
Hap2 Risk Protective | 0.215 | 0.224 W P=0.78
Hap3 | o itective | Risk | 0.382 | 0.398 *
(reference) otective S ) .
Hap4 Protective | Protective | 0.0007 |0.0019 | 4 1 P=025
0.6 0.8 1.0 112
Odds ratio

Haplotype-level association results at the /L6R locus. We defined haplotypes as
shownin the table, and we estimated the dosage of four haplotypes using phased

imputed genotype data. We conducted multivariate logistic regression tests

ineach of EUR cohorts (n = 97,173 in total), and the results were meta-analyzed
using the inverse-variance weighted fixed effect model. The effect size estimate
and 2 xs.e.are shownin the right panel.
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Extended Data Fig. 6 | Three ancestry-specific signals at the TYK2locus.
a,b, Conditional analysis was conducted in each cohort, and the results were
meta-analyzed using the inverse-variance weighted fixed effect model

(a, EUR-GWAS; b, EAS-GWAS). Variantsin LD with the lead variant (*> 0.6 in
EUR or EAS ancestries) in each round of conditional analysis are highlighted by
different colors.
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Extended Data Fig. 7| S-LDSC analysis using histone mark annotations.
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a, The estimate and its 95% confidence interval of the heritability proportion
explained by 396 histone mark annotations are provided. Confidence intervals
and the Pvalues indicating non-negative tau were estimated via block-jackknife

implemented in the LDSC software (one-sided test). When a heritability

enrichmentis significant (P < 0.05/396 = 1.3 x10™*), that annotation is colored
by the type of GWAS. b, The best histone mark annotation (H3K4mel in PMA-I

stimulated primary CD4" T cells) and the best IMPACT annotation (CD4" T

cell T-bet) were jointly modeled in S-LDSC analysis. Tau estimate (per variant
heritability in each annotation) normalized by total per variant heritability are

provided as the centre, and its 95% confidence interval are provided as error
bars. EUR-GWAS results were used. ¢, Pvalues were calculated by block-jackknife
implemented in the LDSC software and indicate the significance of non-negative
tau (per variant heritability) of each annotation (one-sided test). Each histone
mark annotation is colored by its cell type category. Horizontal dashed line
indicates Bonferroni-corrected P-value threshold (0.05/396 = 1.3 x10™*). Top
panel shows the results without controlling the effect of the best IMPACT
annotation (CD4" T cell T-bet), and the bottom panel shows the results with
controlling for this effect.
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Extended Data Fig. 8 | PRS performance comparison between the previous two-sided paired Wilcoxon text (n =15). Within each boxplot, the horizontal lines
RA GWAS and this GWAS. The liability scale R?in the 15 cohorts notincluded reflect the median, the top and bottom of each box reflect the interquartile range
inthe previous RA GWAS. We used the multi-ancestry GWAS results reported in (IQR), and the whiskers reflect the maximum and minimum values withineach

Okada et al. and this GWAS to develop PRS models. We used the LOCO approach grouping no further than1.5 x IQR from the hinge.
to evaluate the PRS model based on this GWAS. The differences were assessed by
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Extended Data Fig. 9 | PRS performances in different ancestral groups. PRS
performances (liability scale R?) are shown for each combination of PRS models
and cohort groups for which the PRS was applied (n = 25, 8, and 4, respectively,
from the left). The differences between the group with the best performance and
the second best were analyzed by two-sided paired Wilcoxon test. Within each

boxplot, the horizontal lines reflect the median, the top and bottom of each box
reflect the interquartile range (IQR), and the whiskers reflect the maximum and
minimum values within each grouping no further than 1.5 x IQR from the hinge.
We used the LOCO approach where applicable.
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Extended Data Fig.10 | PRS distribution differences between cases the LOCO approach. In each cohort, PRS was scaled using mean and s.d. of the
and controls. PRS distribution differences between cases and controls. control samples, and individual level data were merged across cohorts inan

Multi-ancestry PRS with CD4* T cell T-bet IMPACT annotation was used. We used ancestry group.
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