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Goutisachronic disease that is caused by an innate immune response to
deposited monosodium urate crystals in the setting of hyperuricemia.
Here, we provide insights into the molecular mechanism of the poorly
understood inflammatory component of gout from a genome-wide

association study (GWAS) of 2.6 million people, including 120,295 people
with prevalent gout. We detected 377 loci and 410 genetically independent
signals (149 previously unreported lociin urate and gout). An additional

65 loci with signals in urate (froma GWAS of 630,117 individuals) but

not gout were identified. A prioritization scheme identified candidate
genesin the inflammatory process of gout, including genes involved in
epigenetic remodeling, cell osmolarity and regulation of NOD-like receptor
protein 3 (NLRP3) inflammasome activity. Mendelian randomization
analysis provided evidence for a causal role of clonal hematopoiesis of
indeterminate potential in gout. Our study identifies candidate genes and
molecular processes in the inflammatory pathogenesis of gout suitable for

follow-up studies.

Gout is animportant public health issue of increasing prevalence' and
burden’® exacerbated by comorbidity with cardiometabolic and renal
disease’. Gout typically presents as recurrent self-limiting flares of
extremely painful acute inflammatory arthritis. It is a chronic disease
of monosodium urate (MSU) crystal deposition mainly in joints that
occurs in the setting of hyperuricemia®. Flares occur when resident
macrophagesinteract with MSU crystals to form and activate the NLRP3
inflammasome, resultingin production of mature interleukin (IL)-18 and
IL-18 (ref. 5). Soluble urate trains the immune system to have an enhanced
response to MSU crystals through durable epigenetic modifications®.

GWAS have provided insight into molecular mechanisms of
urate control, withloci encoding renal and intestinal urate transport-
ers prominent’. There have been fewer GWAS in gout’™"; the largest
studies (13,179 and 37,105 people with gout”") identified 27 and 52
gout-associated loci, respectively, the considerable majority of which
also associate with urate levels. Most individuals with hyperuricemia
do not develop gout'?; many who have not experienced a gout flare
have MSU crystal deposits™ that associate with subclinical inflam-
mation, indicating that other factors must be involved in developing
symptomatic gout™. Genetic variantsininflammatory genes have been
associated with gout, but none are widely replicated™. Here, we present
findings fromthe largest gout GWAS to date that prioritize previously
unidentified candidate pathways for the inflammatory processingout.

Results
Goutloci, geneticrisk prediction and genetic fine-mapping
Study participants were sourced from 13 cohorts (Methods and
Supplementary Table 1), with 74% from 23andMe. The GWAS was in
four ancestral groups (African, 80,997 participants, 24.6 million SNPs;
East Asian, 93,546 participants,10.2 million SNPs; European, 2,206,883
participants, 13.4 million SNPs; Latinx, 241,956 participants, 19.0 mil-
lion SNPs) and atrans-ancestry meta-analysis (TAMA), eachincluding
sex-specificanalyses (Supplementary Table1and Fig. 1a). We carried out
fixed-effect inverse-variance-weighted GWAS meta-analyses for gout
in each of the four ancestral groups. While there was inflation of test
statistics (Aoc =1.050 (African), 1.121 (East Asian), 1.611 (European), 1.105
(Latinx)), linkage disequilibrium (LD) score regression (LDSC) analysis
revealed no evidence of inflation due to confounding factors (LD score
intercept = 1.025 (African), 1.049 (East Asian), 1.026 (European),1.048
(Latinx)). TAMA was conducted with 6,386,511 variants that passed
quality-control (QC) metrics of minor allele frequency > 0.1% and pres-
encein>2samplesets and/or datafrom >80% of participants (Methods).
Two hundred ninety-five genome-wide significant (log,, (Bayes
factor) > 6) loci were detected in the TAMA, 20 with more than
one genetically independent signal, resulting in 318 independent
genome-wide significant signals. In the single-ancestry GWAS, two
genome-wide significant loci were detected in African, ten in East
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Fig.1| Gout associates with 377 genetic loci, representing 410 independent
signals, across the ancestry-specific and trans-ancestry analyses. There were
31 male-only and eight female-only independent signals. a, Summaries of the
cohorts used, the GWAS done and loci detected. Male:female case numbers are
2,009:1,044 for African, 9,779:950 for East Asian, 74,503:22,112 for European
(excluding two datasets for which there were no sex data) and 4,272:1,570

for Latinx groups. b, Upset plot of the overlap between the 366 significant

Overlap of significant loci between sexes

independent signalsin the single-ancestry and trans-ancestry analyses for

the full cohort. The black lines and dots beneath the bar graph indicate the
ancestry combination of interest, while the bar graph values indicate how many
independent signals were identified in the ancestry combination of interest.

¢, Venn diagram of the overlap between the 377 significant loci across the
amalgamated full (blue), male-only (gray) and female-only (green) GWAS.

Asian, 276 in European (291 independent lead SNPs) and ten in Latinx
datasets (Fig. 1a,b, Extended Data Figs. 1-5, Supplementary Data 1
and Supplementary Tables 2-4). We also performed the TAMA using
variants that only passed QC metricsintwo or three ancestral groups,
detecting an additional locus (chromosome (chr)X:66.15-66.44 Mb).
There were 339 non-overlapping lociand 366 genetically independent
signals across all analyses. A total of 139 loci had different lead SNPs
across the TAMA and the four ancestral-specific GWAS. Of these, the
distinct SNPs at 93 loci exhibited strong LD (> 0.8; Supplementary
Table 3) in the ancestral groups in which they were detected.

The prevalence of gout is 3-4-fold greater in men than in women';
therefore, we conducted a sex-stratified GWAS, identifying 247 and 14
loci in the male-only and female-only TAMA, respectively (Fig. 1and
Supplementary Table 3). There were 90,563 men and 25,676 women
withgoutinthese analyses. Across allancestries, there were 298 and 26
independent signalsin the male-only and female-only analyses, respec-
tively; 29 of the male-only loci (36 signals) and eight of the female-only
loci were not detected in the full (combined sexes) analyses (Supple-
mentary Table 4). One locus (chr5:134.22-140.17 Mb) was detected in
each sex-stratified analysis but not in the full analysis (Fig. 1c) due to het-
erogeneity between the sex-specific signals (Supplementary Table 5).

Of the total 409 genetically independent signals identified across
all three analysis sets (male only, female only and combined sexes),
44 (representing 36 loci) had significant heterogeneity (P<1x107)
between sexes, with effects greater in men for all 36 loci (Supplemen-
tary Table 5and Supplementary Fig. 1). Thirty-two (89%) had previously
beenassociated with urate’, including tenloci with the strongest effects
onurate® (SLC2A9,ABCG2,SLC17A1,SLC16A9, GCKR, SLC22A11,INHBC,
RREB1,PDZK1,SLC22A12), consistent with urate control and subsequent
risk of gout having a stronger genetic componentin men (Supplemen-
tary Note). Weidentified 497 unique genes mapping to the 44 loci (Sup-
plementary Table 6) that had heterogeneous expression by sexinone
or more Genotype-Tissue Expression (GTEx) database tissues', and
pathway enrichment analysis identified the urate metabolic process
asthe top GO pathway (Supplementary Table 7).

Ofthe377 uniquelociidentified acrossallanalyses (339 +29 + 8 +1),
149 (including four with two independent signals) have not previously
had any variant within the locus boundaries associated with urate or
gout (Supplementary Table 8). Of the remaining 229 loci, 144 had the
same lead SNP or were in high LD (r* > 0.8) with a SNP previously associ-
ated with urate or gout, 64 had low to moderate LD (0.1 < *<0.8) and
21had weak LD (*< 0.1) (Supplementary Table 8). Of the 30 loci with
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more than one independent signal, 17 loci had LD of r* < 0.1 between
one of the lead SNPs and the previously reported SNP(s) at the locus.
Therefore, 190 (148 + 4 + 21 +17) of the independent signals have not
previously been reported.

A gout polygenic risk score (PRS) was applied using effect sizes
from the European ancestry cohort after removing the UK Biobank
cohort (Supplementary Note). UK Biobank participants were binned
into ten groups based on their PRS values, and gout prevalence
increased across these bins from 0.0% to 22.6% (Fig. 2). Compared to
thebinthatincluded the mostindividuals, age- and sex-adjusted odds
ratiosranged from 0.14 (0.02,1.00) in the lowest bin t022.1(10.9, 44.9)
in the highest bin. For comparison, male sex conferred a gout risk of
13.4 (12.3,14.7) (Supplementary Table 9). The PRS improved a model
including age and sex gout risk prediction in Europeans (area under
the receiver operating characteristic curve (AUROC)) from 0.77 to
0.83, similar to an analysis using 123 lead urate-associated SNPs in
the UK Biobank (0.80 to 0.84)". Equivalent PRS were generated using
SNPs fromthe European sex-specific GWAS. The PRSimproved AUROC
prediction over an age-only model from 0.59 to 0.71in men and from
0.68t00.73inwomen.

Next, we conducted fine-mapping to identify candidate causal
variants from all 377 gout loci using three approaches (Bayes factor,
FINEMAPY, PAINTOR'®; Methods) in the European dataset. We consid-
ered 99% credible sets fromany of the approaches with >1 variant with
posterior inclusion probability (PIP) > 0.5, identifying a credible set
in 285 loci (75.6%) (Supplementary Table 10). Of the 114 credible sets
previously identified in urate control’, we reported PIP > 0.5 for >1 of
thetop three variantsin41(36%) of our sets (Supplementary Table 10).
Fine-mapping of complex phenotype lociis compromised when sum-
mary statistics are derived from meta-analysis of cohorts using differ-
ent genotyping arrays and/or imputation panels and reference panel
mismatch®: we identified 70 compromised loci (24.6%) using SLALOM"
(Supplementary Tables 10 and 11).

To gain insights into candidate causal genes, we selected 608
candidate causal SNPs that had high PIP (=0.5) in at least one fine-
mapping approach and were within a 99% credible set with <5 SNPs
(Supplementary Table 12 and Supplementary Note). We combined
these SNPs with the lead SNPs across all GWAS analyses and identified,
for the purpose of fine-mapping, conditionally associated European
SNPs (Methods) to make a pool of 1,465 candidate causal variants
(Supplementary Table 13). From this pool, we identified missense
variants within 47 genes, where the missense variants were either the
lead variant or in very strong LD (r* > 0.98) with the lead variant (Sup-
plementary Note, Tables1and 2 and Supplementary Table14). Of the 16
genes with information on functionalimpact of the variant, seven were
not previously reported as implicated in gout (ABCA6, p.Cys1359Arg;
GLS2, p.Leu581Pro; MC4R, p.Val103lle; PNPLA3, p.lle148Met; SH2B3,
p-Trp262Arg; SLC39A8, p.Ala391Thr; SLCOIBI, p.Vall74Ala) (Table 1).
We identified nine very strong candidate causal variants with Bayes
factor PIP > 0.95, PAINTOR PIP > 0.95 and FINEMAP > 0.95 (Supple-
mentary Table 15). These comprised missense variants in ABCG2,
CPS1and FGF21(Table1) and candidate regulatory variants at six other
loci. Of the latter, those at TMEM174, VEGFA and HLF mapped within
confirmed protein-binding sites (Supplementary Table 15). Eight have
been fine-mapped’ in urate control, with six of our variants (rs1260326,
1s2231142, rs17632159, rs10851885, rs7224610, rs1047891) among the
top three credible variants at the respective loci’”.

Relationship of genetic control of gout and urate

Urate is causal for gout, and these two traits share biological path-
ways. We used LDSC to investigate genetic correlation between the
European gout GWAS and 934 traitsin the UK Biobank (Methods) with
the purpose of identifying correlations not previously seen with urate
GWAS data’. There was a genetic correlation between gout and 348
phenotypes (strongest with urate; r, > 0.89), which spanned 25 of 27

broad phenotype categories (Fig. 3, Supplementary Fig. 2 and Sup-
plementary Table 16). Outside of cardiovascular disease and its body
composition-related risk factors, two sex-related blood biomarkers
(testosterone (r,=-0.17) and sexhormone-binding globulin (r,=-0.31))
showed negative correlation, consistent witharecentreport of greater
genetically predicted levels of each hormone associating with reduced
gout risk?. There was a positive genetic correlation between gout and
blood counts of leukocytes, lymphocytes, neutrophils, eosinophils
and reticulocytes. Genetic correlations with urate levels in European
UK Biobank participants (Methods) were similar, including in the
sex-specific analysis (Fig. 3b and Supplementary Tables 16 and 17),
with 300 of 348 phenotypes correlated with gout also significantly
correlated with urate in a consistent direction. There were no nota-
ble genetic correlations in the gout analysis that were not observed
in the urate analysis (Supplementary Tables 16 and 17). Mendelian
randomization to test for causal relationship(s) between gout and
the 348 phenotypes was not done owing to vertical pleiotropy in Euro-
peans when using 289 gout SNPs as a potential instrumental variable
(Supplementary Note and Supplementary Table 18).

The genetic correlation between gout and urate was not absolute
(Fig. 3; r,=0.89), suggesting the presence of loci conferring risk to
gout but not urate and/or vice versa. The former would indicate loci
that influence the risk of gout after hyperuricemia is established. To
identify these loci, we first created a large GWAS of serum urate levels
by meta-analyzing the independent datasets of Tin et al.” and our UK
Biobank urate GWAS (Methods) and tested for colocalization (posterior
probability (PP) > 0.8) of 291 European gout lead SNPs with the urate
GWAS summary statistics (Supplementary Table 19). As expected, a
large number (n =162) of gout loci colocalized with urate loci (hypoth-
esis4 (H,)). There were nine lociwith asignalin gout but not urate (H,),
with little statistical support for association of the gout lead SNP with
urate (P,,,.. > 0.01; Supplementary Table 20). There were an additional
11 loci with different signals between urate and gout (H,; Supplemen-
tary Table 20). Conditional analysis of 31 gout loci with two genetically
independent signals followed by colocalization revealed two further
loci associated with gout but not urate (Supplementary Table 21).
In total, there were 22 loci with genome-wide significant signals of
associationingoutbutno signalinurate (P, > 0.01; Supplementary
Tables20 and 21 and Supplementary Data 2), directly implicating these
lociin goutinflammation. Notably, the /LIRI and ILIRNloci (encoding
thelL-1receptorlandthellL-1receptor antagonist) were amongthe H,
lociwithbothasignalingoutbutnot urateand asignalinurate but not
gout. IL6R had a signal in gout but not urate. These findings directly
implicate the various cytokine and cytokine receptor genes at these
lociin goutinflammation.

There were 11 H, loci with signals of association with gout but not
urate thatalsoincluded separate signals of association with urate but
not gout without evidence for ashared underlying variant (Supplemen-
tary Table 20). We further evaluated this phenomenon by testing for
colocalization of the 422 urate loci with the European gout GWAS sum-
mary statistics (Supplementary Table 22). One hundred eighty-three
uratelead variants colocalized with gout (H,; Supplementary Table 22).
However, there were also urate association signals (18 for H, and 20
for H,) with little evidence of association with gout (P,,,, > 0.01; Sup-
plementary Table 23). Considering the possibility that some of the
urate loci may not have strong association signal and therefore lower
evidence of colocalization with gout, we also identified 23 loci that
had PP <0.8ineach of H, (urate only) and H, (both urate and gout) but
together had PP(H, + H,) > 0.8 and no evidence for association with
gout (P, > 0.01; Supplementary Table 23). Conditional analysis of 37
urate loci with two genetically independent signals (Supplementary
Note) followed by colocalization analysis identified four further loci
associated with urate but not gout (Supplementary Table 24). Intotal,
there were 65 signals associated with urate but not gout (Supplemen-
tary Data 3). Intuitively, these findings are biologically implausible
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Table 1| Missense lead variants or variants that are in high LD with lead variants: those with known functional consequences

Gene Variant Lead or LD Risk allele Frequency® CADD PIPY  Variant functional consequence
with lead® score®

AA change rsiD

ABCA6 p.Cys1359Arg  rs77542162 Lead Cysteine 0.99 28.7 1.0 ATP-binding cassette subfamily member A6. May
play a role in macrophage lipid transport and
homeostasis. Arginine allele disrupts protein
stability™.

p.Gln141Lys rs2231142 Lead Lysine 0.09 16.4 ATP-binding cassette subfamily member G2.
p.Gln141Lys causes internalization of ABCG2

p.Vali2Met rs2231137 Lead (COJO) Valine 0.94 2.4 (ref. 59), preventing secretion of urate®. Lysine
ABCG2 . 2o .
allele associates with impaired response to
allopurinol®. p.Val12Met does not change urate
transport activity®.
ADH1B p.His48Arg rs1229984 Lead Histidine 0.03 131 1.0 Alcohol dehydrogenase 1B. The histidine allele

causes rapid oxidation of alcohol®?, predicted to

increase depletion of the ATP pool and increase
urate levels by ADP catabolism.

ALDH2 p.Glu504Lys rs671 1.0 (EAS) Glutamate  0.83(EAS) 320 Aldehyde dehydrogenase 2. Glutamate allele
causes increased ALDH2 activity, consistent with
increased hypoxanthine and urate levels after
ingestion of alcohol®*%“,

CPS1 p.Thr1412Asn rs1047891 Lead Threonine 0.70 18.2 1.0 Carbamoyl phosphate synthase. Threonine allele
associates with lower levels of blood arginine™.

GCKR p.Leud446Pro rs1260326 Lead Leucine 0.4 13.2 Glucokinase regulatory protein. Leucine allele
causes relaxation of inhibition of glucokinase®,
predicted to increase glucose phosphorylation,
deplete the ATP pool and increase urate levels by
ADP catabolism.

GLS2 p.Leu581Pro rs2657879 1.0 Proline 021 15.2 Glutaminase 2. Regulated by METTLS3. Proline allele
associates with lower plasma glutamine levels**.
HNF4A p.Thr139lle rs1800961 Lead (COJO) Threonine 0.96 21.4 1.0 Hepatocyte nuclear factor 4A. Threonine variant

reduces transactivation of the ABCG2 promoter,
predicted to reduce ABCG2 levels and urate
secretion’.

MC4R p.vall03lle rs2229616 1.0 Valine 0.99 18.5 Melanocortin 4 receptor. Isoleucine variant
protective of obesity. Gain-of-function variant®.
Likely reflects causal effect of obesity on gout.

PNPLA3 p.lle148Met rs738409 1.0 Isoleucine 0.78 137 1.0 Patatin-like phospholipase domain-containing
protein 3 (adiponutrin). Methionine allele is loss of
function and reduces hepatic VLDL secretion®’.

SH2B3 p.Trp262Arg rs3184504 1.0 (EAS/ AFR)  Tryptophan 0.46 10.7 SH2B adaptor protein 3. Negative regulator of
cytokine signaling. Deficiency promotes monocyte
proliferation upon stimulation®. Tryptophan allele
is loss of function®.

SLCI17A1 p.Thr269lle rs1165196 Lead Isoleucine 0.56 8.5 Solute carrier family member 17A1, encodes NPT1.
Renal secretory urate transporter. Isoleucine allele
reduces urate transport activity’’.

SLC17A3 p.Gly279Arg rs56027330  0.99 (COJO) Arginine 014 17.4 Solute carrier family member 17A3, encodes NPT4.
Renal secretory urate transporter. Arginine allele
reduces urate transport activity”".

SLC2A9 p.Gly25Arg rs2276961 0.98 (COJO) Arginine 0.53 2.3 Solute carrier family member 2A9, encodes GLUT9
(ref. 72). Reuptake urate transporter’”. The variant
does not influence urate transport activity’®.

SLC39A8  p.Ala391Thr rs13107325 Lead Alanine 0.92 22.0 1.0 Encodes a solute carrier gene, a zinc-cadmium-
manganese transporter. Increases NF-kf3 signaling
in macrophages’. Threonine allele slightly reduces
zinc transport activity’®.

SLCO1B1 p.Vall74Ala rs4149056 Lead Valine 0.84 251 1.0 Solute carrier organic anion transporter family
member 1B1. Uptake transporter. Alanine allele
reduces transporter activity’®.

Candidate causal variants were drawn from Supplementary Table 14 as either a lead variant (including from the conditional COJO analysis) or in very strong LD (r*>0.98) with a lead variant
(including from the conditional COJO analysis). AA, amino acid; AFR, African; CADD, combined annotation dependent depletion; COJO, conditional and joint; EAS, East Asian; VLDL,
very-low-density lipoprotein. ?In European, unless otherwise stated. "Risk allele in European, unless otherwise stated. °From Ensembl. “Highest PIP of FINEMAP, PAINTOR and BayesFactor
(Supplementary Table 10). Variants without a PIP value either had a PIP<0.50 or were within a locus identified as compromised by SLALOM or were identified by conditional analysis.

because genetic variants thatinfluence urate levels should also influ-  effect size against urate effect size (Supplementary Note and Supple-
encetherisk of gout. There was sufficient power to detect association mentary Fig.3), the power to detect the association of all 65 variants at
with gout; using gout effect size estimates derived by regressinggout  P<0.01inour Europeangout cohort was >99% (Supplementary Fig. 3).
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Table 2 | Missense lead variants or variants that are in high LD with lead variants: those without known functional
consequences

Gene Variant LeadorLD Riskallele Frequency® CADD PIP¢ Gene function
e rsID with lead score
ADO p.Gly25Trp rs2236295 Lead Glycine 0.63 241 0.81 2-aminoethanethiol dioxygenase. Forms

hypotaurine.

AP4E1 p.Cys88Arg rs2306331 1.0 (EAS) Cysteine 0.53 17.3 Adaptor-related protein complex 4 subunit
1. Role in mediating vesicle formation in
secretion and endocytosis.

AQP10 p.His123Tyr rs6685323 1.0 Histidine 0.68 5.6 Aquaporin 10. Water-selective integral
membrane channel.

BSCL2 p.Lys268Arg rs6856 0.99 Lysine 0.81 57 Encodes endoplasmic reticulum
transmembrane protein seipin. Important for
lipid droplet morphology.

CRIP3 p.Ile188Thr rs2242416 0.98 Isoleucine 0.42 211 Cysteine-rich protein 3.

p.1le2984Val rs1801239 Valine 0.09 15.0 Cubilin. Intrinsic factor-vitamin B12 receptor.
CUBN 10 - Range of physiological functions. Associates
p.Glu3002Gly rs1801240 : Glycine 193 070 with megalin (LRP2) in the proximal tubule
of the kidney to resorb filtered proteins”.

CTAGE9 p.Leu398Val rs202051647 1.0 (EAS) Leucine 0.92 17.8 CTAGE family member 9. Predicted to
be involved in vesicle transport from the
endoplasmic reticulum to the Golgi.

DTL p.Ala394Val rs3135474 1.0 Alanine 0.04 76 Denticleless E3 ubiquitin protein ligase
homolog. Involved in protein ubiquitination.

DDIT4L p.Lys180Arg rs201713115 1.0 Arginine 0.09 22.9 DNA damage-inducible transcript 4 like.
Promotes autophagy via mTOR’.

EPB41 pVal214ile rs111642750  Lead Isoleucine 0.04 225 1.0 Erythrocyte membrane protein band 4.1.
Involved in erythrocyte shape.

EVI5 p.lle336Val rs2391199 1.0 Isoleucine 0.91 4.3 Ecotropic viral integration site 5. Involved in
endosome-to-Golgi transport.

FAM35A p.Ser550Cys rs11202365 0.99 Cysteine 0.36 22.8 Encodes shieldin complex subunit 2. Shieldin
complex involved in DNA repair.

FGF21 p.Leu174Pro rs739320 Lead Leucine 0.37 59 Fibroblast growth factor 21. Hepatokine that
regulates sugar intake and metabolism.

FRK p.Gly122Arg rs3756772 0.99 Arginine 0.42 19.3 Fyn-related Src family tyrosine kinase.

GLIS3 p.Pro456Gln rs6415788 Lead Proline 0.37 14.5 GLI-similar zinc finger protein family. Has a
role in islet B cell development™.

INHBC p.Arg322Gln rs2229357 0.99 Arginine 0.81 19.6 Inhibin subunit BC. Member of the TGF-3
superfamily. Inhibition of activin A signaling.

HNF1A p.Ala98Val rs1800574 Lead Alanine 0.97 22.6 1.0 Hepatocyte nuclear factor 1A. The valine
variant is implicated in MODY3.

JMJDIC p.Glu2535Asp rs1935 Lead Aspartate 0.51 1n.2 1.0 Jumoniji domain-containing protein 1C or
KDMS3C. A histone demethylase.

KIAAO100 p.Val1373Gly rs12602520 1.0 Glycine 0.07 15.9 Bridge-like lipid transfer protein family
member 2 (BLTP2).

LRP2 p.Lys4094Glu rs2075252 0.99 Glutamate  0.24 131 LDL receptor-related protein 2 (megalin).
Associates with cubilin in the kidney proximal
tubule to resorb filtered proteins’’.

p.Ala191Val rs35332062  0.99 Alanine 0.88 19.4 MLX-interacting protein like. Transcription

MLXIPL - T factor, activates motifs of triglyceride

p.GIn306His rs3812316 Lead Histidine 0.88 171 0.97 synthesis genes.

MFSD12 p.Tyr182His rs2240751 Lead Tyrosine 0.99 274 Major facilitator superfamily domain-
containing protein 12. A mediator of cysteine
transport®.

NPHS2 p.Arg229Gln rs61747728 Lead Arginine 0.96 22.8 1.0 Encodes podocin, regulates glomerular
permeability.

POM121 p.Pro995Ser rs9955 Lead Proline 0.87 11 1.0 Encodes a transmembrane nucleoporin.
Inhibits the macrophage LPS response
by blocking NF-kf3 translocation to the
nucleus®.

SH2B1 p.Thri71Ala rs7498665 1.0 Alanine 0.33 12.8 SH2B adaptor protein 1. Involved in kinase

activation and signaling.
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Table 2 (continued) | Missense lead variants or variants that are in high LD with lead variants: those without known

functional consequences

Gene Variant LeadorLD Riskallele Frequency® CADD PIP¢ Gene function
H h a C
T s rsID with lead score'
SLC25A5 p.LeullArg rs371749 Lead Arginine 0.75 22.3 0.76 Solute carrier family member 25A5.
Encodes ADP-ATP translocase 2 (ANT2),
which mediates transport of ADP into the
mitochondrial matrix. Drives proinflammatory
macrophage activity*.
p.Asn51Ser rs17683011 0.98 Serine 0.06 20.2 . .
Solute carrier family member 5A1. Encodes
SLC5A1 p.Alad411Thr rs17683430 Alanine 15.7 sodium-glucose cotransporter 1(SGLT1).
A haplot f mi iants.
p.His615GIn 1s33954001 Glutamine 5.4 aplotype of missense variants
SLC5A9 p.Ala600Val rs78427303  1.0(COJO) Alanine 0.91 0.0 Encodes sodium-glucose transporter SGLT4.
S0OS2 pPro191Arg rs72681869 Lead Arginine 0.99 22.5 0.89 SOS Ras/Rho guanine nucleotide exchange
factor 2.
TSPAN6 p.Ala108Thr rs1802288 Lead Alanine 0.81 26.0 1.0 Tetraspanin 6. Implicated in production of
extracellular vesicles®.
UPF3A p.Arg64Lys rs3752105 0.99 Lysine 0.26 15.2 UPF3A, regulator of nonsense-mediated

mRNA decay.

Candidate causal variants were drawn from Supplementary Table 14 as either a lead variant (including from the conditional COJO analysis) or in very strong LD (r*>0.98) with a lead variant
(including from the conditional COJO analysis). FAM35A, familial sequence similarity 35A; KIAAO100, Kazusa DNA Research Institute AA; LDL, low-density lipoprotein; LPS, lipopolysaccharide;
MODY3, maturity-onset diabetes of the young type 3; mTOR, mammalian target of rapamycin; TGF, transforming growth factor. ?In European, unless otherwise stated. "Risk allele in European,
unless otherwise stated. °From Ensembl. “Highest PIP of FINEMAP, PAINTOR or BayesFactor (Supplementary Table 10). Variants without a PIP value either had a PIP<0.50 or were within a locus

identified as compromised by SLALOM or were identified by conditional analysis.

Candidate genes, tissues and pathways

We tested for enriched tissues and specific cell types in single-ancestry
data using covariate-adjusted LDSC (Methods)?. There was significant
enrichment (Bonferroni-corrected P,cien < 0.05/40) in the kidney
(10.8-fold enrichment, P.o.¢icien: = 2.3 X 107*) in the East Asian dataset and
inthekidney (11.6-fold enrichment, P, .gcienc = 8-6 X 107) and liver (5.1-fold
enrichment, P, grciene = 8.3 X 107¢) in the European dataset (Supplementary
Table 25 and Extended Data Fig. 6). We observed cell type enrichments
(false discovery rate (FDR) < 0.05) in the small and large intestine, the
colonic mucosa, the duodenum mucosa, therectalmucosa, the pancreas,
skeletal muscle, kidneys and liver in the European dataset (Supplemen-
tary Table 26 and Extended DataFig. 7). There were three kidney cell his-
tone marks enrichedin the East Asian dataset that were also foundinthe
Europeandataset (histone H3 lysine 4 trimethylation, histone H3 lysine 9
acetylation, histone H3 lysine 27 acetylation; Supplementary Table 26).
Given the absence of urogenital system tissues in the LDSC dataset, we
applied the European combined-sex data to DEPICT?, with significant
enrichment in the urinary tract, female genitalia, Fallopian tubes, the
myometrium, ovaries and adnexa uteri (Supplementary Table 27).

To identify candidate causal genes possibly controlled through
regulation of gene expression, we focused on gout association signals
that colocalized with cis and trans expression quantitative trait loci
(eQTL) across49tissues (Methods). Of the 340 trans-ancestry and Euro-
peanlead SNPs (ora proxy variant; r? > 0.8) present in GTEx, 273 (80.3%)
had >1colocalized eQTL (PP of colocalization >0.8), representing 704
genes. Therewere1,715cis-eQTL and 292 trans-eQTL colocalized over
multiple tissues for 424 and 286 genes, respectively (Supplementary
Table 28 and Supplementary Fig. 4), and six genes had both cis-eQTL
and trans-eQTL (JAZF1, SEPTIN9, RNF157, SLC16A9, TANCI, TUBBSP7).
Only four colocalized kidney cortex eQTL were observed in GTEx;
therefore, we leveraged other kidney eQTL data” to identify autoso-
mal cis-eQTL for 29 genes (17 in the tubule, 21 in the glomerulus; nine
overlapping genes) that colocalize with gout association signals (Sup-
plementary Table 29). The genes included SLC16A9, which encodes
monocarboxylate transporter 9 (MCT9), previously implicated in gout
drivenby acombination of reduced gut excretion and overproduction
of urate (renal overload®). However, there were no established urate
transportersin the kidney eQTL colocalization.

Reasoningthat colocalized eQTL restricted to asingle tissue may
be more tractable to specific biological insights, we identified 496
tissue-specific colocalized eQTL genes (Supplementary Note and
Supplementary Table 30). Of specificinterest are the eQTL in the testis
for HNF4G and PRPS2, genes with roles in urate homeostasis**, sug-
gesting male-specific mechanisms of urate control, and there were 17
whole-blood-specific and 42 kidney-specific eQTL (Supplementary
Note and Supplementary Table 30).

Epigenetic reprogramming (‘trained immunity’) of myeloid cells
by soluble urate is implicated in gout®***, To evaluate the possibility
thatgout-associated loci control DNA methylation status inblood, we
conducted colocalization analysis with whole-blood DNA methylation
QTL (meQTL)inthe Genetics of DNA Methylation Consortium (GoDMC)
dataset”, using 323 independent signals encompassing 444 unique
lead SNPs in the full and sex-specific European GWAS. We identified
520 colocalized CpG sites within 1 Mb of alead SNP (PP > 0.8; Supple-
mentary Table 31) and determined that the CpG sites were enriched
with binding sites of 27 transcription factors confirmed by chromatin
immunoprecipitation followed by sequencing (ChIP-seq) (Supplemen-
tary Note and Supplementary Table 32). This enrichmentincluded IRF1,
whichregulates theinterferon-stimulated transcriptional responsein
monocytes, is within agout-associated locus and was highly prioritized
asacandidate gene in gouty inflammation (see next section).

Enrichment analyses were carried out using 1,764 unique genes
implicated by candidate causal missense variants (n = 47; Tables1and
2), colocalized GTEx eQTL (n = 704; Supplementary Table 28), kidney
eQTL (n=29; Supplementary Table 29) and MAGMA genes (n=1,255;
Supplementary Table 33) (Extended Data Fig. 8 and Supplementary
Table 34). Enrichment was observed for 104 pathways including the
urate metabolic process (Gene Ontology (GO)), chromatin organi-
zation and chromatin-modifying enzymes (Reactome) and type Il
diabetes mellitus (Kyoto Encyclopedia of Genes and Genomes (KEGG);
Extended Data Fig. 8 and Fig. 4). The 49 genes that contributed to
chromatin-related Reactome terms included KMT2A, SETDIA and
SETD2 (encoding histone methyltransferases), KDM3A, KDM4C and
KDMe6B (encodinglysine demethylases) and histone genes. Twenty his-
tone genes at the chr6:25.07-32.18 Mb locus that included condition-
ally associated SNPs (Supplementary Tables 3 and 13), were essential
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Fig. 3| Genetic correlation between the European gout GWAS and 934 UK
Biobank GWAS traits. a, Volcano plot of genetic correlation. Points are colored
based onwhether the equivalent correlation between the UK Biobank (UKBB)
serum urate GWAS and the trait of interest was significant (P < 5.35 x 107)
asoutput by the LD Score regression software®’. Exact Pvalues arein
Supplementary Table 16. b, Linear relationship between the genetic correlation

results of the European gout GWAS and the UK Biobank serum urate GWAS. Points
are colored based on whether they were significantin both, one or neither of

the genetic correlation analyses. ¢, Genetic correlation values (r,) across 27 trait
categories. In all plots, each point represents the result of a genetic correlation
analysis between our European gout GWAS and one of the 934 UK Biobank GWAS
traits. Nonsignificant results are shown as transparent plot points.

to 90 of the 104 pathways (Supplementary Table 34), including the
chromatin-related Reactome terms.

Gout-associated inflammatory mechanisms

To prioritize genes that may beinvolved in the inflammatory response
in gout, we developed a set of criteria that we applied to 5,358 unique
genes within the boundaries of all identified GWAS loci and cis-eQTL
and trans-eQTL genes outside the boundaries (Supplementary Table 35

and Supplementary Note). One hundred eight genes at 58 loci were
prioritized (Fig. 5), including FADSI, DGAT2 and the top-ranked
FADS2, all involved in lipid metabolism, and IRFS, ILIR1, TRAF4, IL6R
and MAST3, allimplicated in the inflammatory response. Of the 108
genes, four have drugs approved by the Food and Drug Administra-
tion: IL-1R1, anakinra; IL-6R, for example, tocilizumab; the sodium/
potassium transporting ATPase subunit ATP1B3, for example, desla-
noside; and the ribosomal protein RPL23A, ataluren. We also took a
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Type 2 diabetes mellitus
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Mitochondrion

Fig. 4| Linking of insulin signaling, the tricarboxylic acid cycle and
epigenomic reprogramming cellular pathways with candidate gout-
associated genes. ASXL1, ASXL transcriptional regulator 1; CEBP, CCAAT
enhancer-binding protein; CTCF, CCCTC-binding factor; EZH2, enhancer of zeste
2 polycomb repressive complex 2 subunit; GLS, glutaminase; GLUDI, glutamate
dehydrogenase 1; GLUT2, glucose transporter 2; IDH2, isocitrate dehydrogenase

2;IGF1R, insulin-like growth factor 1 receptor; IRS1, insulin receptor substrate
1;1ZKF2, IKAROS family zinc finger 2; KDM, lysine demethylase; MECOM, MDS1
and EVI1 complex locus; PI3K, phosphoinositide 3-kinase; PKM, pyruvate
kinase; PPAT, phosphoribosyl pyrophosphate amidotransferase; RPS6KB1,
ribosomal protein S6 kinase B1; RUNXL, runt-related transcription factor ,TCA,
tricarboxylic acid; TLR4, Toll-like receptor 4; a-KG, a-ketoglutarate.

systematic approach to identifying drug targets across all identified
GWAS loci using the Genome for Repositioning pipeline (Supplemen-
tary Fig. 5)°°, with nominally significant categories being neoplasms,
blood biochemistry and metabolic disorders, driven by CASP9, CCND1,
CHEK2,DRDS, IGFIR, INSR, PPARG and DGAT2 (Supplementary Note and
Supplementary Table 36).

Clonal hematopoiesis of indeterminate potential (CHIP) results
from white blood cell somatic mutation inasuite of 71 genes®, predomi-
nantly in the epigenomic modifiers encoded by TET2 and DNMT3A.
CHIP has been associated with incident® and prevalent gout™, and
our pathway analysis also revealed enrichmentin chromatin organiza-
tion and chromatin-modifying enzymes. Therefore, we investigated
whether germline genetic variationin loci harboring CHIP genes could

play arole in gout. CHIP genes were over-represented in the 2,650
protein-coding genes of the 5,358 genes for prioritization (Supplemen-
tary Table 35), where 19 of 71 (Supplementary Table 37) were present
in the 2,650 genes (of 21,509 protein-coding genes genome wide)
(¥’ P=4.76 x107*). We performed two-sample Mendelian randomiza-
tion to test for a causal relationship of CHIP for gout using GWAS data of
association of CHIP with germline variation® (Supplementary Note and
Supplementary Table 38). The weighted median method and Mende-
lian randomization robust adjusted profile score (MR-RAPS) methods
showed some evidence of positive causality of all CHIP and DNMT3A
CHIP for gout (0.001 < P < 0.025) but not for TET2 CHIP (P> 0.05).
Immune-priming long noncoding (Inc)RNA species (IPLs) prime
immune genes for robust transcription by facilitating transcriptional

Nature Genetics | Volume 56 | November 2024 | 2392-2406

2400


http://www.nature.com/naturegenetics

https://doi.org/10.1038/s41588-024-01921-5

a - T —
FADS2 1 L BAGALTI ] 4 ot | J
PROCAT [ | mel o NINJT - 4 I
IRF5 — — REEP3 — 4 W 12genes Cbo42ers Cogiza_iuapn MERIKTMENSTD PG ASI PAXS pgyppn BmpR2
DGAT2 [ 5l 1 FAM538 - 4 chr2 | ]
FOXK2 5l 1 PPP2RIB - 4 NES89
PHIP - 5 o0 SPRYD4 |l — 4 1 Ankrozg NOFALZ SO ZNESE a3
ARID4B 1 = 5 o SKI ] 4 o chi3 [ ]
NRBF2 [ | 51 o CROCCP2 | [ | 4 0
NT5C2 — 51 0 IL6R — 4 o o e
TRIMS ] 50 0 MERTK - 4 o A | J
FADS1 . 51 o NBEAL2 | | 4 0 . skwswl Ccpegs RAB24 MXD3 PRELIDI
UBALD2 1 = 50 0 SCAP |l ] 4 0 i
C2orf7a = 47 1 ZNF589 ] 4 o chrs. | ]
ILTRT = 47 1 ATPIB3 - 4 0 cuarp PP
RAB24. = 47 1 CDC42SE2 | il o chré [ ] i ]
ZNF652 = 47 1 FNIPT - 4 0
PAX: = 47 o IRF1 . 4 0 IRFS
PAX8-AST = = 47 o LYRM7 1 4 0 chr7 [ ]
MXD3 = 47 o MEIKIN = 4 0 Mvomz
PRELIDT = 47 o SLC22A5 4 0 o 3"(“”‘"4‘ eet age bl ]
AUH - . = 47 o APBB3 4 0 "
suox = 47 o HAUSTPT | | = 4 0 B4cALTI AyH NNt SURF6 MED22
CKB = 47 o SRAT | 4 0 chre [
ALDOC = 47 0 MED22 - 4 0
RPS6KBT | I = 47 0 SURF6 | 4 0 NRREZ IMIDIC REEPS g genes pamsB
NUDT17 =] = 42 0 BORCS7 | ] 4 0 chrio [
BABAM2 ] = 42 0 MYOM2 - = 4 0
cAD o= = 42 0 WBPIL —1 = 4 0 TMENASS FABSE PARSL PP poarz  peparis
cpC42eP3 15 = 42 0 ACTRIA 1 4 0 Chrtt [ t ]
CENPA {=<] = 42 0 CALHM2 | | 4 0
FNDC4 =] = 42 0 SFXN2 ] 4 0 vapz_ SUQX SPRYDA Res2 NAAZS ABCBY
FosL2 {55 = 42 0 SUFU - 4 0 chnz [ 1
22 == = 42 0 RAB3ILT ] 4 0
KHK =< = 42 o TMEM258 { Il | ] = 4 0
NRBP1 =] = 42 0 YAF2 | - ] 4 0 e | ] Chiomosome 2 | [Chromosome 5
RBKS {1 = 42 0 RBMS2 - 4 0 PN (12 genes) (6 genes)
SLC35F6 {5 = =y 42 0 HP - 4 0 i SLC35Fs LYRM7
TRIM54 {5] = 42 0 | VPS9DI-AST | = 4 0 BT | J Pl et 2o
ZNF512 5] = 42 0 KDM68 | I 4 0 cAD MEIKIN
CMAHP {55 42 0 ABCB9 = 4 0 ohrts | ] i L2205
NAA25 ] = 42 o FAM2228 ] = 4 0 IFT172
NRG1 | I . 4 m2 NEK8 - 4 0 Hp vrsorast s
JMIDIC 1 4 2 PHF12 [ ] 4 0 Chilf BKS
SLCSI%; [ | : ‘2 P’P’jg)s( = 3 g (onosSLOYAT, . ZNFGS2 RPSSKB! CDI0OLE UBALD? FOXKZ Ty
TMEM87B [ | 4 1 RAB34 [ | 4 0 Chn17
Chromosome 10| [Chromosome 17|
ACVR2A 1 4 RPL23A 1 4 0 ware (8 genes) (13 genes)
BMPR2 [ 4 SPAGS5 - 40 ohis [T T ] sor” Ao
ANKRD28 | a4 TLCDI - 4 0 B s
FGFRL1 . 4 [ TRAF4 | 4 0 MAST3 SFXNZ PROCAT
ANTXR2 1 4 FLOT2 —1 4 0 Chrie WePIL RAB34
CPEB4 — 4 5| cpaools — a o Nrics. et
BAG4 - | 4 1 NAPG | | 4 0 CALHM2 NEKS
TRPST [ 4 1 MAST3 |l - 4 0 ch2o TTIT T T 1] RA
Ml dsce o 2 cooellezce zllogog L csce 9 - coao M S tor2
558 £Z &£5'8¢ B 2T oT 2 528 €EZ &£5''2 ® a=) PrF12
g 8855 8 g 38 E8 g8z 2 3isR R ELEEE 1] | e—_— Prox
B 5322 2 $2%¥3 to385 SESE 8 5% 2 2 fe7%3 ¢ 5 SESE
2 3 gE Q § 82358 925 2 gsds 28 s Q@ § s€3gE oogs 2 8s o2 [ TT 771
c © o35 E £ W3 g8 285 g NESE s © 69 E ¢ W3 gg 285 2 5<
5 sf 2 % s8f% 5 5 ¢ S E wi 2 5% 5£% 5 ¢
25 2= ¢® EEG © § ¢ 2§ £= 9® cEg 29 < chrx [ ]
= § £3 2 S8 o £ o = § £32 =2 S "8 o S
2 SE £ ©° 35 2 3 £ SE £ ©° g5 2 3 T T T T T T
5 £3 S 5 £% S 0 50 100 150 200 250
a - a =

Chromosome position (Mb)

Prioritization category Function-agnostic Prioritization category

category

Fig. 5| Genes prioritized for arole in gouty inflammation. a, One hundred
eight genes with anormalized prioritization score > 4 are ranked from highest to
lowest score. The seven prioritization categories (left), three function-agnostic
categories (middle) and the normalized scores (right) are given for each gene.
Cells are colored if the gene gained a point in the prioritization and/or function-
agnostic scores based on the criteria of that category and are crossed if category
datawere unavailable for that gene. Red gene labels represent those that were

Function-agnostic
category

identified as a trans-eQTL. b, Ideogram showing the genomic location of the
108 genes with prioritization score > 4. Bolded gene labels represent those
that had afunction-agnostic score > 1, and red gene labels represent those that
wereidentified as a trans-eQTL. Light blue highlighting within the ideogram
chromosomes indicates the genomic location of all significant loci identified,
amalgamated across all ancestry-specific, trans-ancestry and sex-specific
analyses.

machinery assembly (for example, the prototypical UMLILO IncRNA*).
Indeed, two gout-associated loci containing CSFI and /RFI were previ-
ously identified as being connected by an IPL*. To identify candidate
IPLs, we identified 61 cis-eQTL for 76 IncRNA species that colocalized
with a gout GWAS signal, representing 18% (76 of 424) of all colocal-
ized cis-eQTL genes. Of the 170 cis-eQTL variants that controlled the
expression of =1 protein-coding gene, 48 (28%) also had acis-eQTL for a
IncRNA. We then selected locibased on the protein-coding gene having
aneQTLinwholeblood and a high prioritizationscore (=4; Fig. 5), iden-
tifying five candidate IPL loci (Table 3). Two IPLs had aneQTL inwhole
blood (DGAT2, RP11-535A19.2 and BAG4, RP11-350N15.5). Inspection of
the DGAT2locus suggests that this regionis underimmune cell-specific
regulatory control mediated by DNA methylation and expression of
RP11-535A19.2 (Fig. 4, Supplementary Note and Extended Data Fig. 9).

Anenhancer physically interacts with a promoter through activity
by contact (ABC)** (Methods). Of the 273 lead variants with colo-
calized cis- and/or trans-eQTL, 13 were within an ABC enhancer for
81 genes (ABC score > 0.015; Supplementary Table 39) in stimulated
innate immune cells, with loci containing CSFI (rs2938616) and
CSFIR (rs2282804) notable. Connections at the CSFI locus were
between a 544-bp segment of DNA and the promoters of 23 genes
including the neighboring CSF1 gene and at the CSFIR locus between
a 915-bp segment of DNA within CSFIR and 37 genes including
CSFIR (for comparison, the other 11loci had ABC enhancer connections
with<6 genes,and ABC enhancers are predicted to regulate 2.8 genes

onaverage*). The connections at both loci were exclusively restricted
to stimulated cells and not observed in unstimulated cells or other
immune cells (Supplementary Table 39). The lead SNP at each locus
(rs2938616 at CSF1 and rs2282804 at CSFIR) disrupts five and eight
transcription factor-binding motifs, respectively, including nuclear
factor (NF)-kp at CSFIR and the repressor element1silencing transcrip-
tion factor (REST) at both loci (Haploview).

Discussion

Our study substantially increased the number of known gout loci to
377 (of which 149 had not previously been reported). Sex-specific
GWAS led to the discovery of 37 loci not detected in the main analysis.
Overall, our results emphasize the importance of molecular control
of urate levels in the pathogenesis of gout. We focused on identifying
molecular mechanisms of inflammation in gout, for which we gener-
ated acomprehensive list of candidate genes.

We prioritized genes predicted to control the innate immune
response to MSU crystals, focusing, by necessity, on the gene per se,
and did not incorporate aspects of previously proposed functionally
agnostic variant-to-gene criteria®?*°, The adjacent genes FADSI and
FADS2 were top ranked and encode fatty acid desaturases involved in
the synthesis of unsaturated omega-3 fatty acids that inhibit NLRP3
inflammasome activation”. Increased FADS2 expression correlates
with reduced circulating arachidonic acid and increased circulat-
ing IL-1B, tumor necrosis factor (TNF) and IL-6 levels®®. Furthermore,
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Table 3 | Candidate immune-priming IncRNA species

Gene IncRNA Lead variant Normalized Gene function
prioritization score
rsID Chr:position Gene IncRNA
AUH RP11-305L7.7 rs2387099 9:93,985,824 47 1.2 3-methlyglutaconyl-CoA hydratase. In the leucine degradation pathway.
Located in mitochondrial membrane. Binds to AU-rich elements in 3'-UTRs of
rapidly decaying RNA.
RP11-350N15.4 L i o .
BAGA 154537271 8:38,040,503 4 2 BCL2-associated athanogene 4. Negative regulator of apoptosis. BAG4 and
RP11-350N15.5 RP11-350N15.5 have whole-blood eQTL
DGAT2 RP11-535A19.2 rs10899113 11:75,468,464 5 2 Diacylglycerol acyl transferase 2. Connects diacylglycerol to long-chain fatty
acyl-CoA in triglyceride synthesis®. DGAT2 and RP11-535A19.2 both have
whole-blood eQTL.
NAPG RP11-883A18.3 rs489837 18:10,485,357 4 1 N-ethylmaleimide-sensitive factor attachment protein y or y-SNAP. Regulates
endosomal trafficking of transferrin®.
RP11-328C8.2 1 N : :
YAF2 (11181466 12:42,765,181 4 YPY;Cissomated factor 2. Is a component of polycomb repressive complex 1
RP11-351C21.2 2 (PRCY).

Candidate immune-priming IncRNA species were extracted from Supplementary Table 28 based on the lead variant having a cis-eQTL for both a IncRNA and a protein-coding gene with a high
prioritization score in Supplementary Table 35. SNP positions are noted in human genome build GRCh37 coordinates. CoA, coenzyme A; UTR, untranslated region.

FADS2-knockdown reduces innate immune response to Candida
albicans, and FADS2 inhibition reduces proliferation of innate
immune cells®. Consistent with a role in gout, the gout risk allele at
FADS2 associates with increased expression of FADS2in blood. ILIR1
and /L6R are also notable (Supplementary Note).

We identified 47 genes with candidate causal missense vari-
ants. AQPI0 is a colocalized eQTL in whole blood, and the lead vari-
antis in strong LD (2 > 0.98) with two missense variants (rs6668968
(p.Argl5GIn) and rs6685323 (p.His123Tyr)). AQP10 transports water
and glycerol, playing a role in lipolysis in adipocytes*’. Regulation of
cell volume induces ionic changes that affect NLRP3 inflammasome
activation*, andinhibition of aquaporins reduces MSU crystal-induced
production of IL-1B by THP-1 monocytes*, suggesting that cellular
osmolarity could be a causal mechanism in gout. Gout risk alleles of
two enzymes, encoded by CPSI and GLS2, are associated with lower
arginine® and glutamine levels**, respectively. These missense vari-
ants may contribute to gout risk viaimmunometabolic epigenetic
reprogramming through histone modifications®.

We did not detect genome-wide evidence for association at genes
encoding well-characterized components of the NLRP3 inflamma-
some or accessory molecules and innate immune molecules such as
Toll-like receptors (Supplementary Note). Rather, genes and pathways
discovered in this study point toward cytokines and their receptors,
immune priming and regulation of the NLRP3 inflammasome response
to MSU crystals. Highly prioritized genes include TMEM176B (encod-
ing a transmembrane calcium channel that inhibits NLRP3 inflam-
masome activation)*®, SCAP (the SCAP-SREBP2 complex activates
the inflammasome)*, INSIG2 (encodes a binding partner of SCAP)*®
and NINJ/I (its product regulates the NLPR3 inflammasome during
the MSU crystal response)*’. We also implicated genes encoding
epigenomic regulators, which may mediate training of the innate
immune system to be more responsive to MSU crystals. The findings
from the ABC enhancer-gene connection analysis strongly implicate
stimulus-responsive chromatin conformational changes in innate
immune cells at each of the CSFI and CSFIR loci, influencing the
expression of many proteins, including colony-stimulating factor 1
(CSF1) and its receptor. CSF1 controls monocyte and macrophage
differentiation and proliferation®. Therefore, CSF1 and its receptor
are strong candidates for a role in gouty inflammation. The NRSF
or REST transcription factor, implicated at both the CSFI and CSFIR
loci, silences target genes via epigenomic remodeling®. Notably, the
co-repressor RCOR1, which binds to the C-terminal domain of REST, is
genetically associated with goutin a Chinese cohort, and suppression
of REST expression reduces production of pro-IL-1B in THP-1 cells after

stimulation with MSU crystal*>. In the European GWAS, the RCORI locus
associated with urate but not gout (Supplementary Fig. 5), and the lead
urate-associated SNP (rs146091133) also associates with expression of
RCORI1inwholeblood (GTEx). Additionally, PPARGCIB, which encodes
PGC-1f, which coactivates peroxisome proliferator-activated receptor
y (PPAR-y) in maintaining mitochondrial biogenesis, is also contacted
by the ABC enhancer at the CSFRI locus. Expression of PPARGCIB is
induced by MSU crystals®, and it is possible that this is mediated via
the stimulus-responsive enhancer at CSFIR.

We identified a phenomenon by which loci that associated with
urate did not associate with gout. This is counter to the causal role of
increased urate levels in gout. We hypothesize that the lead variants
at these loci have pleiotropic effects, in which the urate-increasing
allele also affects the expression of gene(s) such that the risk of gout is
reduced. The directionality of effect at the /L33 and /LIR1 loci supports
thishypothesis. Lead urate SNPs rs10122305 and rs11465727 associate
with the expression of /L33 and ILIRL1, respectively, in GTEx**. IL-33
ameliorates MSU crystal-linked inflammation® and signals through
IL-1RL1. The urate-increasing alleles at each locus associate with
increased /L33and /LIRL1expression, which canbe predicted to protect
fromgout, resulting inno observed gout effect. However, our hypoth-
esisis difficult to test genetically in the absence of a genetic effect on
gout and will be more readily evaluated by mechanistic dissection of
theloci. If our hypothesis were correct, it would lead to the identifica-
tion of further genes involved in gouty inflammation.

A major limitation of our study is the dominance of participants
of European ancestry (84.1%), withonly 9.2%, 3.6% and 3.1% for Latinx,
East Asian and African ancestries, respectively, contributed to by ineq-
uity in participation of non-European populationsin genetic research
(Supplementary Note). While our study design did not include repli-
cation, the high correlation between gout and urate effects reduces
concernabout false positives. Finally, some methods of gout diagnosis
(self-report and medication data) are notas directas a clinical diagno-
sis. However, we have previously reported that these survey definitions
of gout have 82% sensitivity and 72% specificity*®, similar to a definition
from the Study for Updated Gout Classification Criteria, which used
five weighted items thatincluded a clinical measure (hyperuricemia)®’.
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Methods

Ethics statement

Forthe 23andMe cohort, participants provided informed consent and
participated in the research online under a protocol approved by the
external AAHRPP-accredited IRB, Ethical and Independent Review
Services (https://www.eandireview.com). Ethical and Independent
Review Services was recently acquired, and its new name as of July
2022 is Salus IRB (https://www.versiticlinicaltrials.org/salusirb).
The UK Biobank study was undertaken with ethical approval from
the North West Multi-Centre Research Ethics Committee of the UK.
GlobalGout obtained ethical approval from the following committees:
the New Zealand Multiregional Ethics Committee (MEC05/10/130); the
Research and Ethics Committee, Repatriation General Hospital, South
Australia (32/08); the Research Ethics Committee, University of New
South Wales; the Ethikkommission, Technische Universitdt Dresden
(EK 8012012); the South East Scotland Research Ethics Committee
(04/S1102/41); the Commission Cantonale (VD) d'Ethique de Ia
Recherche sur I'Etre Humain, Université de Lausanne; the Commissie
Mensgebonden Onderzoek regio Arnhem—Nijmegen; and the Partners
Health Care System Institutional Review Board. The institutional review
board of the Kaiser Foundation Research Institute provided ethical
approval for the Kaiser Permanente sample set. The FinnGen study
was approved by the Coordinating Ethical Committee of the Hospital
District of Helsinki and Uusimaa. The ethics review board at the Affili-
ated Hospital of Qingdao University approved the study in China. In
Japan, ethical approvals were provided by the institutional ethical
committees of the National Defense Medical College, Nagoya Univer-
sity and RIKEN. The Korean Association Resource was approved by the
institutional review board of the Korea National Institute of Health.
The FAST study and Generation Scotland were ethically approved by
the UK Multi-Centre Research Ethics Committee (reference number
2011-001883-23) and the NHS Tayside Committee on Medical Research
Ethics (REC reference number 05/S1401/89).

Study participants and phenotype definition

Study participants were sourced from 13 cohorts®**¥°* (Supplemen-
tary Table 1). Gout was defined according to self-reported diagnosis
and/or use of urate-lowering medication, clinical diagnosis and/or
the American College of Rheumatology gout classification criteria®,
dependent ontheinformationavailableineach source cohort. Exclud-
ing the 2,115 participants fromref. 90, 77.3% of people with gout were
ascertained by self-report, 18.1% by clinical diagnosis and 4.6% using
administrative data. Participants from these cohorts were divided
into four ancestral groups (African, East Asian, European and Latinx)
based on their self-reported ethnicity or genetic ancestry asoutlinedin
Supplementary Table 1. This resulted in two African, five East Asian, ten
European and two Latinx case-control study sets for analysis. Written
informed consent was acquired from all participants, and each study
had ethical approval from the appropriate local ethics committee. The
UK Biobank® was also used for genetic risk prediction, genetic correla-
tion analysis with other phenotypes, Mendelian randomization and
fine-mapping. Participantsin the 23andMe cohort” provided informed
consent and participated in the research online and were included in
the analysis based on consent status as checked at the time when data
analyses were initiated.

Genotyping and imputation

Genotyping was performed separately for each of the 13 source
cohorts. Cohort-specific genotyping and imputation platforms
and post-imputation QC filters are detailed in Supplementary
Table 1. Genotypes were imputed to one of the following reference
panels: UK10K’® + 1000 Genomes Project Phase 3 (all ancestries)”’,
the Haplotype Reference Consortium panel version1.1(ref.100),1000
Genomes Phase 3 (all ancestries), the combined Haplotype Reference
Consortium panel version 1.1 and UK10K + 1000 Genomes Project

Phase 3 (all ancestries), HapMap phase 2 (ref. 101) (build 36) or the
population-specific Sequencing Initiative Suomi project version
3 (build 38)'°%. The genome coordinates of the build 36- and build
38-imputed genotypes were converted to their equivalent build 37
(hg19) coordinates using SNPTracker version 1.0 (released December
2014)' or GATK Liftover'®*, respectively. Post-imputation QC filters
per cohortincluded filters for Hardy-Weinberg equilibrium, genotype
missingness, minor allele frequency and imputation quality (Supple-
mentary Table1). Only biallelic SNPs were used for association analyses.

Study-specific association analysis

A genome-wide logistic regression analysis was conducted for each
of the 19 case-control study sets separately with gout as a binary
outcome. The regression model was adjusted for sex, age, genetic
principal-component vectors and any necessary cohort-specific vari-
ables (for example, genotyping platform) (Supplementary Table 1).
Regression analyses were repeated in male-only and female-only sub-
sets for each case-control study set when possible, including the same
adjusting variables except sex. QCsteps applied tothe per-study regres-
sion summary statistics included the removal of multi-allelic variants
withinand between study sets, the exclusion of results for SNPs present
inless than 5% of participants and the removal of any results outside the
statistical bounds of each output (for example, standard error = infin-
ity). Variants withaminor allele frequency less than 0.1% or an absolute
effect size (log (odds ratio)) greater than 10 were also removed from
the study-specific summary statistics.

Ancestry-specific and trans-ancestry meta-analysis
Aninverse-variance-weighted meta-analysis of the regression results for
the full, male-only and female-only subsets was conducted for each of
the fourancestral groups using METAL'®. LDSC analysis revealed no evi-
denceofinflationduetofactors suchas populationstructure; therefore,
no genomic control correction was applied during this meta-analysis.
SNPs with a heterogeneity /* statistic > 95% were excluded from any
further analysis. Variants analyzed in <50% of the case-control study
sets contributing to the meta-analysis (when there were more thantwo
contributing cohorts), and/or variants that were analyzed in <20% of
all contributing samples were also excluded from any further analysis.

The ancestry-specific meta-analysis results were then used as an
input for the TAMA with MANTRA version 1 (ref. 106). Only SNPs with
an effect size present in at least two ancestral groups were included
in the TAMA. Genetic variants with meta-analysis P<5x 1078 or
log,, (Bayes factor) > 6.0 were considered statistically significant in
theancestry-specificand TAMA analyses, respectively (Supplementary
Note). Within the TAMA, MANTRA was also used to calculate the PP
of heterogeneity, which estimates the homogeneity in allelic effects
acrossancestralgroups. APP > 0.90 indicates strong evidence for het-
erogeneity. Inaddition, loci with heterogeneous effect sizes between
sexes were identified by performing an inverse-variance-weighted
meta-analysis of the male-only and female-only ancestry-specific GWAS
or TAMA effect estimates. A SNP was considered significantly hetero-
geneous between sexes if the heterogeneity Qstatistichad P<1x 107,

We calculated the effective symmetric size that yielded equivalent
power to theincluded cases and controls for each ancestry to be 5,874
cases and 5,874 controls for African (2.6% of effective N), 18,997 cases
and 18,997 controls for East Asian (8.3% of effective N), 192,138 cases
and 192,138 cases for European (84.1% of effective N) and 11,398 cases
and 11,398 controls for Latinx (5.0% of effective N) groups.

Identification of genome-wide significant signals and loci

Alocus was defined as agenomic segment with >1lead variant(s) that
define agenetically independent signal. Allnominally significant SNPs
were identified (P <1x 107 for ancestry-specific GWAS or log,, (Bayes
factor) > 5.0 for the TAMA), and a+50-kb window of padding was added
tothe SNP chromosome position. The genomic overlap of these padded
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chromosome positions was thenidentified, and the outer boundaries
ofthese regions were created using GenomicRanges version 3.12 (ref.
107). After defining these locus boundaries, any regions with <1 SNP
classified as genome-wide significant (P <5 x 1078 or log,, (Bayes fac-
tor) > 6.0 (ref. 108)) were disregarded in further locus definitions or
analyses dueto the potential unreliability of single-variant associations.
Lead SNP(s) within each of the significant loci defined above were iden-
tified by conducting LD-based clumping using PLINK version 1.9b4 (ref.
109) withan ancestry-matched 1000 Genomes Project reference panel
(Supplementary Note) and an  threshold of 0.01. Significant loci were
designated based ontheir chromosome and start and end positions (in
Mb) of the significant region (for example, chr5:129.52 Mb-131.88 Mb).

A regional association plot (LocusZoom) was created for each
locus (Supplementary Data 1) using the R script ‘LocusZoom-like plots’
(ref.110) with the GENCODE human genome build 37 (release 38) gene
annotation file to define gene start and end positions and gene names
(HGNC gene symbol) in the gene track information™. The full gene
annotation file was narrowed to unique gene names only and filtered
to exclude pseudogenes. Gene track information was colored based on
MAGMA™ gene-based association analysis P values (Supplementary
Note). After creating these regional association plots, each locus with
multiple lead SNPs was visually inspected to determine whether the
labeled SNPs represented a single association signal or multiple inde-
pendent spatially separated association signals. For loci with extremely
strong association signals (for example, SLC2A9 and ABCG2), only a
singlelead SNPwas included to represent the locus, evenif multiple lead
SNPs were identified by LD-based clumping (Supplementary Table 2).
To identify conditional associations, European GWAS loci were ana-
lyzed with GCTA-COJO™ by the stepwise method using the UK Biobank
cohort as areference panel (Supplementary Table 3). Due to a lack
of adequately sized reference panels for the other ancestries, we did
not conduct conditional analysis on the other three ancestral groups.

Previously unreported genome-wide significant lociand
signals

To identify newly detected loci and signals, we searched the literature
forall previously reported SNPs associated withserumurate or gout. A
search of the GWAS Catalog"* was performed on 19 July 2022, using the
keywords ‘urate’, ‘uricacid’, ‘hyperuric[alemia’ and ‘gout’. Thisidentified
68studies published over the period from November 2007 to November
2021. Allsignificant SNPsidentifiedin these 68 studies were downloaded.
Using build 38 genomic locations (locus boundaries were converted to
build 38 genomic locations using Liftover'®*), we identified any previous
GWAS signal that fell within our significant locus boundaries defined
above.LD between thelead SNP and all previously identified SNPsinthe
locus was calculated using 1000 Genomes reference panels in LDlinkR™
withancestry matchingto thelead SNP. LD values were categorized into
high (r* > 0.8), moderate (0.8 >r*>0.5), low (0.5>r*>0.1) or weak LD
(r*<0.1) groups to assess how similar the previously reported associa-
tion signal was to the lead SNP. A locus was only considered as previ-
ously unreportedifnone of the 68 urate and gout GWAS had previously
reported a significant SNP within the locus boundaries or there was
only weak LD between the lead SNP and any previously reported SNP.

Testing of gout-associated loci for association with urate

In total, 332,370 unrelated participants of European ancestry were
selected fromthe UK Biobank using self-reported and genetic (principal-
component-determined) ancestry information (Supplementary
Note). Participants with evidence of gout (n =7,131) based on hospital-
diagnosed gout, self-reported gout and use of urate-lowering medi-
cation and those with no serum urate measurement (n =15,531) were
excluded, resulting in 309,708 participants in the association analysis
forserumuratelevels. Variants with INFO < 0.3, MAF < 0.0001and HWE
P<1.0 x10"® were removed. Association analysis was carried out using
PLINK version1.9b6.10 with hard-called imputed genotype data, adjusted

by age, sex and principal-component vectors 1-40. Summary statistics
from Tin et al.” for the European ancestry group were meta-analyzed
together with the UK Biobank urate summary statistics and used to test
for colocalization of gout loci with urate and vice versa. Both Tin et al.
and UK Biobank summary statistics were used to group variants into
urate-associated or non-urate-associated categories for ex vivo analysis
ofthelL-1B response to MSU crystal stimulation of PBMCs in the Human
Functional Genomics Project (SOOFG) cohort™¢ (Supplementary Note).

LD score regression with UK Biobank traits and diseases
LDSC® was used to run genetic correlation analysis of UK Biobank
phenotypes with European gout GWAS summary statistics. Sum-
mary statistics for 934 primary phenotypes and baseline version 1.1
reference LD scores for European ancestry were used. Because there
was complete sample overlap of the FinnGen cohort in our European
GWAS meta-analysis, we excluded all FinnGen phenotypes to avoid
sample overlap. We considered any genetic correlation with our
European gout GWAS to be significant if the P value was less than a
Bonferroni-corrected significance threshold of P< 5.4 x 107 (0.05/934).
Theresulting significantly correlated GWAS were then tested for hori-
zontal pleiotropy using the two-sample Mendelian randomization
package TwoSampleMR",

Covariate-adjusted LD score regression

LD score intercepts, tissue or cell type group and cell type-specific
enrichment analysis for each ancestry (African, East Asian, Euro-
pean and Latinx) were determined using covariate-adjusted LDSC
(cov-LDSC)®¢. Baseline LD scores for each ancestry were generated
using ancestry-specific principal-component vectors from the 1000
Genomes Project (Supplementary Note), annotations from baseline
version 1.1and an LD window set to 20 cM. Baseline LD scores for the
celltype group and cell type-specific analyses were generated similarly
using the cell type group and cell type-specific annotations. The sig-
nificance threshold for the coefficient P value for the cell type group
analysis was set to 0.005 for astandard cutoff (for ten cell type groups)
and 0.00125 for a conservative cutoff (for ten tissue or cell type groups
and four ancestries). The threshold for cell type-specific analysis was
set to 2.3 x 10~ for a standard cutoff (for 220 cell types) and 5.7 x 107
for a conservative cutoff (for 220 cell types and four ancestries).

Statistical fine-mapping and credible set construction

Lociwere fine-mapped using PAINTOR"® and FINEMAP" in the European
dataset and the Bayes factor approachin the TAMA dataset using vari-
ants that passed QC metrics in each of the four ancestral groups'*®'.
Theregiontobe fine-mapped was set to the locus boundaries described
in Supplementary Table 2 unless the region was larger than 1 Mb; in
such cases, the fine-mapping region was defined as the 1-Mb region
around thelead SNPbutinsuchaway that the region tobe fine-mapped
did not exceed the locus boundary if the lead SNP was <500 kb from
the boundary. For PAINTOR and FINEMAP, LD information from the
UK Biobank was used. All variants were aligned to the same allele as
in the UK Biobank and any variant with MAF that differed by >5% was
excluded fromthe fine-mapping analysis. Prior standard deviation for
FINEMAP was set to 0.058 (based on equation (8) in Wakefield'”°, using
the 95% confidence interval of the effect size (0.1134) in the European
GWAS data), and a shotgun stochastic searchalgorithm was used (-sss
option) with the maximum number of causal variantsin alocus set to
five (default). Five annotations were used for PAINTOR: four annota-
tions were chosen based on the relevance of the annotation with the
European gout GWAS summary statistics, and one annotation was
included to give more weight to missense variants. PAINTOR was run
with full enumeration (~enum option), assuming single causal vari-
ants except for those loci with evidence for multiple signals, in which
case, amaximum of three causal variants was assumed. For the Bayes
factor approach, Bayes factors of all variants were summed within
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the fine-mapping region and the PP of each variant being causal in
theregion was calculated by dividing the variant’s Bayes factor by the
total Bayes factor of the region. The 99% credible set was determined
by including the variant with the highest PP in the region until the
cumulative PP of the set was greater than 0.99.

Identification of compromised loci with SLALOM

To mitigate fine-mapping miscalibration due to different genotyping
arrays and imputation panels being used in the meta-analyzed cohorts
(Supplementary Table1), the summary statistics used for fine-mapping
were checked with SLALOM®. The same prior standard deviation value
from FINEMAP was used for SLALOM. Conversion-unstable positions'?
were downloaded, and reference LD from gnomAD (build 37) was
calculated in the non-Finnish European population for the European
ancestry cohort. Alocus was identified as possibly miscalibrated if the
locus contained at least one variant with DENTIST-S'> P<1x10™*and
r’>0.6 with the lead variant (in the relevant reference population).

Candidate missense and noncoding variants

A pool of 1,465 candidate variants was gathered from lead vari-
ants, conditionally associated variants and variants identified from
fine-mapping. LD with noncoding variants was calculated using 1000
Genomes Project data, and direct lead or high-LD (> > 0.8) missense
and nonsense variants were identified using information from dbSNP
(build 155). FATHMM scores for the noncoding variants were queried,
and the variants were overlaid for ABC enhancers.

Colocalization and investigation of genetic association signals
of gout and urate

Lead SNPs of independent signals from the meta-analyzed Tin et al.”
and UK Biobank serum urate GWAS in the European group (422 vari-
ants; Methods and Supplementary Note) and the European full gout
GWAS (291 variants) were used for the colocalization analysis using the
‘coloc’R package'. Colocalization analysis was performed usingal-Mb
(£500-kb) regionaround the lead variant, and PP > 0.8 was considered
to be strong evidence for a given hypothesis (Supplementary Note).
The ‘coloc’ priors P, (probability of association with trait 1), P, (prob-
ability of association with trait 2) and P,, (probability of association with
trait 2 givenassociation with trait 1) were initially setto1x 10,1 x10™*
and1x 1075, respectively. Additional loci with PP of H; or H, + H, > 0.8
were detected by adjusting P, to1x10™*and 1 x 107%. For the loci with
evidence of gout-specific effect (PP H, > 0.8) or pleiotropic effect (PP
ofH,,H;orH, + H, > 0.8), the Pvalue of the lead variant of the locus was
checked forassociationinthe other GWAS, with P> 0.01lindicating no
significant association. To ensure that variants that showed evidence
of association with urate but not gout were of sound quality, variants
with MAF <1% or with a>10% allele frequency difference between gout
and urate GWAS or those not present in the large 23andMe European
gout cohort were removed. The lead variant of 31 signals in the gout
GWAS and that of 37 signalsin the urate GWAS of loci, identified by the
GCTA-COJO stepwise method as having two genetically independent
signals, were used to perform conditional association analysis using
GCTA-COJO, and the resultant summary statistics from loci that still
exhibited agenome-wide significant signal (three from the conditioned
analysis of the urate GWAS were not significant) were used for colocali-
zation analysis. Detection power inthe gout GWAS, given asignalin the
urate GWAS, was calculated at avariety of alpha values'**. For all power
calculations, we used the Nvalue for cases and controlsin the European
GWAS (-100,000 cases, ~2.1 million controls) and input the MAF of
eachvariantalongwithits expected gout effect size based onits urate
effect size (derived fromthe regression linein Supplementary Fig. 3a).

Colocalization of signals of genetic association with eQTL
Lead SNPs from the European and trans-ancestry analyses or a proxy
if the lead variant was not present in the GTEx database were used to

query GTEx data** for identification of cis-eQTL. For all SNPs with a
significanteQTL, al-Mb (+500-kb) region around the lead variant was
used for colocalization analysis using the ‘coloc’ R package'*'*.PP > 0.8
for H, was taken as evidence for colocalization. This hypothesis (H,)
indicated that the association between gout and gene expression was
due to the same functional variant(s) (Supplementary Note). We also
carried out trans-eQTL analysis, combining GTEx and publicly avail-
able Hi-C dataintegrated using the CoDeS3D (Contextualize Develop-
ment SNPs using 3D information) algorithm', which prescreens and
identifies spatial non-cis SNP-gene interactions using Hi-C data (Sup-
plementary Note). CoDeS3D was used to identify long-distance regula-
tory relationships for all European and trans-ancestry lead variants or
proxies. Variants were mapped onto Hi-C restriction fragments, and the
genes that physically connected to these restriction fragments were
identified and collated (variant-gene spatial pairs). Variant-gene pairs
were screened using GTEx to identify spatially connected eQTL. The
FDRwas calculated using a stepwise Benjamini-Hochberg correction
procedure and incorporated the number of tests and the eQTL value
list. FDR < 0.05 was considered statistically significant.

Colocalization of signals of genetic association with
methylation QTL

The GoDMC dataset®’ was used to first identify all significant DNA
meQTL withina+1-Mb window of the 444 unique lead European GWAS
variants in the full and sex-specific analyses. For each pair of variant—
CpGsites, al-Mb (+500-kb) region around the lead GWAS variant was
defined and tested for colocalization withthe meQTL signal using the
‘coloc’ R package. Regions with <100 variants with meQTL summary
statistics for the CpG sites were excluded, and regions with PP > 0.8
for H, were considered colocalized.

Enrichment analysis of transcription factor binding at meQTL
CpGsites

A total of 1,544 transcription factor ChIP-seq experiment datasets
(344 TFs and 221 cell lines)'”” were downloaded. Eight transcription
factor ChIP-seq experiment datasets were excluded to ensure that
all the ChIP-seq experiments were from human cell lines, leaving
338 unique transcription factors for enrichment analysis. Positions
for232,477 independent CpG sites used in GoDMC?’ were extracted.
For each transcription factor, the total number of CpG sites the
transcription factor overlapped (+50 bp) within the CpG sites was
determined, and 520 colocalized meQTL CpG sites were identified.
In total, 338 two-by-two contingency tables were constructed, and
Fisher’s exact test was used to determine whether there was sig-
nificant enrichment of transcription factor binding to the meQTL
CpG sites. Fisher’s exact P<1.48 x 107 (0.05/338) was considered
statistically significant.

Overlap of variants and CpG sites with activity-by-contact
enhancer region

Thirty ABC enhancer-gene connection datasets with ABC scores > 0.015
(ref. 34) for stimulated primary innate immune cells and cell lines
(CD14* monocytes treated with B-glucan or LPS, dendritic cells treated
with LPS, PMA-differentiated THP-1 cell line treated with LPS, U937
cell line treated with LPS) were downloaded. ABC enhancer-gene
connections at the12loci with connections in the stimulated immune
cells were also tested in 27 other immune cell datasets. The positions
of candidate noncoding SNPs, lead SNPs that had colocalized eQTL
and CpG sites that had colocalized meQTL were queried in the ABC
data to determine whether the SNP and/or the CpG site was within an
ABC enhancer region.

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

The full GWAS summary statistics for the 23andMe discovery dataset
will be made available through 23andMe to qualified researchers
under an agreement with 23andMe that protects the privacy of
the 23andMe participants. Datasets will be made available at no
cost for academic use (https://research.23andme.com/collaborate
/#dataset-access/). Supplementary Table 40 contains summary sta-
tistics from 9,980 independently associated SNPs. For the full Euro-
pean GWAS, we took all SNPs at P <1x10™* and used the UK Biobank
astheLD reference to clump at R? < 0.01 within windows of 5 Mb from
each lead SNP. This resulted in 2,480 SNPs. For each of the African,
East Asian and Latinx GWAS, we removed the SLC2A9 and ABCG2
regions (chr4:9.32 Mb-11.21 Mb and chr4:86.79 Mb-90.23 Mb,
respectively) and then took the 2,500 most significant remaining
SNPs for each. Summary statistics from meta-analyses without the
23andMe dataset (the four ancestries, each for men only, women
only and combined sexes) are available at the GWAS Catalog (https://
www.ebi.ac.uk, dataset accessions GCST90428594-GCST90428605;
https://ftp.ebi.ac.uk/pub/databases/gwas/summary_statistics/
GCST90428001-GCST90429000). The 1000 Genomes Project Phase
3 data were downloaded from http://ftp.1000genomes.ebi.ac.uk/
voll/ftp/; information on the UK Biobank cohort can be viewed at
https://www.ukbiobank.ac.uk/; the GWAS Catalog is available at
https://www.ebi.ac.uk/gwas/; GTEx data were downloaded from
https://gtexportal.org/home/datasets; variant information from
dbSNP was downloaded from https://ftp.ncbi.nih.gov/snp/latest_
release/VCF/GCF_000001405.25.gz; conversion-unstable posi-
tions used for SLALOM were downloaded from https://github.com/
cathaloruaidh/genomeBuildConversion; GoDMC meQTL datawere
downloaded from http://mqtldb.godmc.org.uk/downloads; RELI
transcription factor ChIP-seq data were from https://tf.cchmc.org/
external/RELI/RELI_public_data.tar.bz2; baseline LD score version
1.1, cell type-specific and cell type group annotations were down-
loaded from https://alkesgroup.broadinstitute.org/LDSCORE/;
functional annotations for PAINTOR were downloaded from https://
ucla.box.com/s/x47apvgv5laulrimuat8m4zdjhcniv2d; LDSC sum-
mary statistics of UK Biobank traits from the round 2 analysis were
downloaded from https://nealelab.github.io/UKBB_ldsc/downloads.
html; ABC enhancer-gene connection data were downloaded from
ftp://ftp.broadinstitute.org/outgoing/lincRNA/ABC/AllPredictions.
AvgHiC.ABC0.015.minus150.ForABCPaperV3.txt.gz; FATHMM scores
for noncoding variants were obtained from http://fathmm.bio-
compute.org.uk/; ImmuNexUT eQTL data were downloaded from
https://humandbs.biosciencedbc.jp/en/hum0214-v6; OneK1K
eQTL datawere downloaded from https://oneklk.s3.ap-southeast-2.
amazonaws.com/oneklk_eqtl_dataset.zip; CHIP summary statis-
tics were downloaded from https://ftp.ebi.ac.uk/pub/databases/
gwas/summary_statistics/GCST90102001-GCST90103000/; the
Susztak Kidney Biobank is available at https://susztaklab.com/; a
list of differentially expressed genes in stimulated monocytes can
be obtained from Table S2 in the original paper'?®; GWAS data for
white blood cell traits used in the gene prioritization analysis are
available at https://www.ebi.ac.uk/gwas/; FANTOMS TSS data were
downloaded from https://fantom.gsc.riken.jp/5/datafiles/phasel.3/
extra/TSS_classifier/; HaploRegis available at https://pubs.broadin-
stitute.org/mammals/haploreg/haploreg.php; GeneHancer tracks
were accessed through USCS; KEGG, Reactome and GO pathway
analyses were conducted at https://david.ncifcrf.gov/; and tran-
scription factor-binding site enrichment was carried out at
https://maayanlab.cloud/Enrichr/.

Code availability

Code for the main analyses is available at https://github.com/
MerrimanLab/Gout_GWAS_Code, permanently deposited at Zenodo
(https://doi.org/10.5281/zenodo.13350995)'%,
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without gout was deemed sufficient on the basis that a sample of this size is widely accepted as being sufficiently powered to
detect loci of weak effect that confer risk to a complex condition.

Recruitment Recruitment of participants is described in the publications cited on page 37.

Ethics oversight For the 23andMe Inc. cohort, participants provided informed consent and participated in the research online, under a

protocol approved by the external AAHRPP-accredited IRB, Ethical and Independent Review Services
(www.eandireview.com). Ethical & Independent Review Services was recently acquired, and its new name as of July 2022 is
Salus IRB (https://www.versiticlinicaltrials.org/salusirb). The UK Biobank (UKBB) was undertaken with ethical approval from
the North West Multi-Centre Research Ethics Committee of the UK. GlobalGout obtained ethical approval from the following
committees: the New Zealand Multiregional Ethics Committee (MEC05/10/130); the Northern Y Region Health Research
Ethics Committee (Ngati Porou Hauora Charitable Trust study; NTY07/07/074); Research and Ethics Committee, Repatriation
General Hospital, South Australia (32/08); Research Ethics Committee, University of New South Wales; Ethikkommission,
Technische Universitat Dresden (EK 8012012); South East Scotland Research Ethics Committee (04/51102/41); Commission
Cantonale (VD) D'éthique de la Recherche sur I'étre Humain, Université de Lausanne; Commissie Mensgebonden Onderzoek
regio Arnhem—Nijmegen; Partners Health Care System Institutional Review Board. The Institutional Review Board of the
Kaiser Foundation Research Institute provided ethical approval for the Kaiser Permanente sample set. The FinnGen study was
approved by the Coordinating Ethical Committee of the Hospital District of Helsinki and Uusimaa. The ethics review board at
the Affiliated Hospital of Qingdao University approved the study in China. In Japan ethical approvals were provided by the
institutional ethical committees of the National Defense Medical College, Nagoya University and RIKEN. The Korean
Association Resource (KARE) was approved by the institutional review board of the Korea National Institute of Health. The
FAST study and Generation Scotland was ethically approved by the UK Multi-Centre Research Ethics Committee (Reference
number: 2011-001883-23) and the NHS Tayside Committee on Medical Research Ethics (REC Reference Number: 05/
51401/89).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Sample sizes are disclosed in Table S1.

Data exclusions  Cohort-specific exclusions are described in the cohort-specific citations on page 37. Controls with hyperuricemia, diabetes, cancer and other
arthritis-related ilinesses were excluded from the China Gout cohort in order to increase power to detect gout-related loci. Women were
excluded from the Japan Gout / Japan Mulit-Institutional Collaborative Cohort given the very low prevalence of gout in women in Japan.
Patients with a history of myocardial infarction or stroke in the previous 6 months and those with congestive heart failure (New York Heart
Association [NYHA] class Ill or IV) or severe renal impairment were excluded from the FAST trial according to the protocol of this RCT from
which people with gout were sourced for this study. There were no pre-determined exclusion criteria for this study.

Replication The study design did not include replication. The reason is that all available samples were included in the main discovery GWAS in order to
maximize power.
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Randomization  There was no randomization. Sex and age, as appropriate were includes in logistic regression analyses as co-variables.

Blinding Blinding was not relevant to this study as the cohorts used were already separately genome-wide scanned for association with gout.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |Z| D ChlIP-seq
Eukaryotic cell lines |Z| D Flow cytometry
Palaeontology and archaeology |Z| D MRI-based neuroimaging

Animals and other organisms
Clinical data
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Plants

Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Authentication Describe-any-authentication-procedures for-each seed stock used-or-novel-genotype generated.-Describe-any-experiments-used-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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