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Supplementary Notes 

Sex-stratified GWAS of AF 

Sex-related differences in the epidemiology, clinical presentation, and prognosis of AF 

have been consistently reported1,2. For example, the age-stratified prevalence of AF is lower in 

female than in male, despite a higher risk for AF-related outcomes such as stroke in female3-5. Thus, 

we divided our samples into males and females, and performed GWASs separately. First, to explore 

the difference in genetic susceptibility to AF between males and females, we calculated genetic 

correlation, which was 0.934 (s.e.m. 0.076) by GCTA-GREML6 and 1.095 (s.e.m. 0.112) by LD-

score regression7, respectively. This result suggests that genetic influences on AF development are 

strongly shared between males and females. Next, we examined genetic loci with sex-dependent 

effects on AF development in the sex-stratified GWAS. We found 21 loci with genome-wide 

significance in the male GWAS, but only six loci in the female GWAS (Supplementary Fig. 4a and 

Supplementary Table 13). By comparing the effect sizes of the lead variants identified in the sex-

stratified GWAS, we observed significant positive correlation and concordant allelic effects between 

sexes (Spearman's ρ = 0.92, P = 7.4 × 10-7; Supplementary Fig. 4b). On the other hand, we found 

genome-wide significant variants with a strong heterogeneity (Phet < 1.0 × 10-4) in the PITX2-

C4orf32 and the CUX2 loci. The PITX2-C4orf32 locus reached genome-wide significance in both 

sex-stratified GWAS (βmale (s.e.m.male) = 0.569 (0.018), Pmale = 1.9 × 10−210; βfemale (s.e.m.female) = 

0.381 (0.027), Pfemale = 3.0 × 10−46, for rs12644625, the lead variant in the PITX2-C4orf32 locus), 

while the CUX2 locus in the female GWAS did not achieve genome-wide significance level (βmale 

(s.e.m.male) = -0.280 (0.024), Pmale = 9.7 × 10−33; βfemale (s.e.m.female) = -0.105 (0.034), Pfemale = 2.1 × 

10−3, for rs3809297, the lead variant in the CUX2 locus). Since the sample sizes in the sex-stratified 

GWAS were different (6,825 cases in the male-GWAS and 3,001 cases in the female-GWAS), we 

calculated the effective sample sizes with sufficient statistical power using the Genetic Association 

Study Power Calculator to examine whether the heterogeneity between sexes in these two loci was 

due to the difference in the sample sizes. To achieve 80% power, the effective sample size for the 

PITX2-C4orf32 locus was approximately 450, while the CUX2 locus required 3,000 cases. This 
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result shows that the sex-stratified GWAS has enough sample size with sufficient statistical power to 

detect the significant association signals of the two loci (Supplementary Table 14) and supports the 

genetic heterogeneity between sexes in the two loci rather than the mere difference in the sample 

sizes. Additionally, we performed an interaction analysis to investigate a SNP × sex effect, in which 

we performed an omnibus test for genome-wide significant variants with heterogeneity between 

sexes using regression models with or without the interaction term. As a result, we identified variants 

with a significant interaction effect with sex in the PITX2-C4orf32 and CUX2 loci (Supplementary 

Fig. 4c and Supplementary Table 15). Furthermore, CUX2 is a transcription factor regulating sex-

biased gene expression in rat and mouse liver8,9, and the variant in the CUX2 locus is associated with 

a DNA methylation site near the ALDH2 gene, encoding aldehyde dehydrogenase, which catalyzes 

the oxidation of aldehydes into carboxylic acids10. According to Genotype-Tissue Expression 

(GTEx) data11, CUX2 gene expression in liver was significantly different between male and female 

(P = 7.8 × 10−4, Wilcoxon rank-sum test; Supplementary Fig. 5), suggesting that transcriptional 

disruption of sex-biased gene expression can lead to the difference in AF development between 

males and females through the metabolism of aldehydes in the liver. Thus, despite the small sample 

size in the female-GWAS to increase the false negative rate for association signals, the results from 

the interaction analysis and the different transcriptional regulation between sexes may provide 

evidence of the PITX2-C4orf32 and the CUX2 loci associated with gender difference in the genetic 

basis of AF. 

 

Shared allelic effects among populations 

We compared alternate allele frequencies and allelic effects for 150 lead variants between 

BBJ, EUR, and FIN. Compared to substantial concordance in allele frequencies between EUR and 

FIN (Spearman’s ρ = 0.974, P < 2.2 × 10−16), we observed a moderate correlation in allele 

frequencies between BBJ and EUR as well as BBJ and FIN (ρ = 0.592, P = 1.5 × 10−15 and ρ = 

0.632, P < 2.2 × 10−16, respectively; Supplementary Fig. 2a-c). Additionally, we found a significant 

positive correlation between concordant allelic effects of these variants (ρ = 0.769, P < 2.2 × 10−16 
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for BBJ vs. EUR; ρ = 0.769, P < 2.2 × 10−16 for BBJ vs. FIN; Supplementary Fig. 2d-f). To further 

explore the relationship of allelic effects between populations, we performed a cross-ancestry 

genetic correlation analysis, which showed strong correlation of BBJ with EUR and FIN (BBJ and 

EUR: rg = 0.990, s.e.m. = 0.097, BBJ and FIN rg = 0.955, s.e.m. = 0.344).  

 

Credible set analysis 

To assess the contribution of cross-ancestry meta-analyses to the refinement of the 

putative causal variants, we constructed 99% credible sets for the 150 AF-associated loci detected by 

the current cross-ancestry meta-analysis, and compared the number of variants included in the 99% 

credible sets derived from three combinations of the meta-analysis (EUR + BBJ, EUR + FIN, BBJ + 

EUR + FIN; Supplementary Fig. 2g, h). The size of the 99% credible sets derived from EUR + BBJ 

significantly decreased compared with those from EUR + FIN (P = 0.004, paired Wilcoxon rank-

sum test). In addition, cross-ancestry meta-analysis of three datasets (BBJ + EUR + FIN) yielded the 

most significant decrease in the number of variants among all the combinations of meta-analyses 

(median number of variants = 12; interquartile range [IQR] 5 – 36; Supplementary Table 16). In 

particular, a single variant, rs67329386, was identified on the ZFHX3 locus with a high posterior 

probability of 0.995, only in the cross-ancestry meta-analysis of three datasets. In previous AF-

GWAS, several variants were found in the ZFHX3 locus12,13, where a large transcription factor, 

ZFHX3, together with PITX2, facilitated DNA binding and transcription activity14. To corroborate 

the role of rs67329386 as a causal variant, we searched for transcription factors binding to this locus 

using the ChIP-seq dataset in ChIP-Atlas15. Compared to other AF-associated variants within this 

locus, rs67329386 was distinctly located on the binding site of CEBPB (Supplementary Fig. 6), 

aiding in the recognition and binding of target gene regulatory regions, leading to cell proliferation, 

differentiation, immune response, and tumor formation16.  
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Pleiotropic effects of AF-associated loci 

To characterize the AF-associated loci, we examined the pleiotropic effects of the 

identified lead variants and proxies using the NHGRI-EBI GWAS catalog database. Of the 150 AF-

associated loci, 112 (74.7%) had at least one overlapping variant, and we found 631 pairs of AF-

associated variants and phenotypes, where blood pressure-related traits were most frequently 

observed (13.5%), followed by electrocardiogram-related (11.7%) and anthropometric traits (6.8%) 

(Supplementary Table 17). Given the heterogeneous study design and population in the GWAS 

catalog, we subsequently utilized the BBJ dataset17-19 with a consistent study design and population, 

to investigate the pleotropic effects. In particular, to explore the biological pathways related to AF 

development, we assessed colocalization of AF-associated loci with quantitative trait loci (QTL) for 

clinical measurements such as anthropometric, metabolic, kidney-related, and blood pressure data. 

Colocalization analysis was performed per 150 AF-associated loci identified by the cross-ancestry 

meta-GWAS, and we identified 29 AF-associated loci that showed significant colocalization with 

QTL (Supplementary Fig. 7). Of 76 pairs of AF-associated loci and QTL with significant 

colocalization, 22.4% (17/76) were kidney-related traits, 15.8% (12/76) were blood pressure-related, 

13.2% (10/76) were metabolic traits, and 13.2% (10/76) were anthropometric traits (Supplementary 

Table 18). 

 

Functional pathway of AF-associated loci 

To further enhance the biological understanding of the AF-associated loci, we performed 

in silico tissue and gene-set enrichment analysis using DEPICT software20, which prioritizes 

candidate genes and tissues based on gene expression data from different tissues and cell types. 

Consistent with a previous study21, we found significant enrichment of AF-associated loci 

predominantly in heart tissues (P < 1.2 × 10−5 for heart and P < 2.3 × 10−5 for heart atria; 

Supplementary Fig. 1 and Supplementary Table 19). Additionally, pathway analysis demonstrated 

that AF-associated loci were significantly enriched in 34 out of 1,157 gene sets, most of which were 

involved in heart development and morphogenesis (Supplementary Table 20). Among them, the 
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regulation of cell adhesion was a previously unreported pathway (P = 1.6 × 10−10), including ZMIZ1 

gene, the nearest for rs1769758, which was reported to regulate the activity of various transcription 

factors related to vascular development, androgen receptor coregulation, SMAD3 regulation, and 

coactivation of p5322-24. Further, it has been reported that knockdown of ZMIZ1 in mice resulted in 

severe defects in the reorganization of the yolk sac vascular plexus and cell proliferation25. 
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Supplementary Methods 

Sex-stratified GWAS 

In sex-stratified association analysis of 81,050 males (6,825 cases and 74,225 controls) 

and 69,222 females (3,001 cases and 66,221 controls), we also performed logistic regression analysis 

in males and females separately using the same pipeline as described above. Then, we performed the 

genetic correlation analysis using LD score regression7. As LD-score regression may estimate a 

genetic correlation beyond the range of -1 to 1 depending on sampling variation or disease 

heritability, we added a bivariate GREML analysis 

(http://cnsgenomics.com/software/gcta/#BivariateGREMLanalysis) implemented in GCTA 

software6. Next, we directly compared effect sizes of the variants identified in the sex-stratified 

GWAS. To calculate the effective sample sizes with sufficient statistical power, we used the Genetic 

Association Study Power Calculator provided by the University of Michigan 

(https://csg.sph.umich.edu/abecasis/gas_power_calculator/), under the following conditions: a 

significance level of P < 5 × 10-8 and disease prevalence in the Japanese population of 0.82% 

(https://vizhub.healthdata.org/gbd-compare/). We also used the allele frequencies and genotype 

relative risks of the lead variants in the PITX2-C4orf32 and CUX2 loci as an input data 

(Supplementary Table 14). The effective sample size was defined as the minimum number of 

samples to achieve 80% power. In the interaction analysis, we tested for the interaction effect of a 

SNP × sex on AF development, where we performed an omnibus test using models with and without 

the interaction term. Chi-square statistics were calculated from the omnibus test. Since limiting to 

variants with a strong heterogeneity (Phet < 0.0001) may lead to some association signals being 

missed, we analyzed genome-wide significant variants with a relaxed heterogeneity threshold (P < 

0.05). 

 

Cross-ancestry genetic correlation 

To estimate the cross-ancestry genetic correlation, we applied Popcorn software (v.1.0). 

We used East Asia or European samples of 1KG for the LD reference and excluded the variants 
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within the major histocompatibility complex region according to the instructions of the software. To 

estimate the liability-scale genetic correlation, we assumed that the AF prevalence was 0.58% in the 

Japanese population, 1.38% in the United Kingdom population, and 0.97% in the Finnish population 

(https://vizhub.healthdata.org/gbd-compare/). 

 

Credible set analysis 

To identify sets of variants that likely include causal variants, we constructed a 99% 

credible set per 150 AF-associated loci identified by the cross-ancestry meta-analysis. For each 

locus, we calculated the posterior probability (PP) for the jth SNP using BF obtained from MANTRA 

results in the cross-ancestry meta-analysis and the following formula: 𝑃𝑃௝ ൌ
஻ிೕ

∑ ஻ிೖೖ
, where BFj 

denotes the BF for the jth SNP and BFk denotes all of the variants included in the locus. We then 

constructed the 99% credible set by adding the variants in the order of decreasing PP, starting from a 

lead variant, where the sum of PP included in the region is 99%. To assess whether the 99% credible 

set derived from the cross-ancestry meta-analysis narrowed down the causal variants, we performed 

two additional meta-analyses (EUR + BBJ and EUR + FIN) using the MANTRA algorithm and 

constructed 99% credible sets for 150 AF-associated loci identified by the cross-ancestry meta-

analysis. When we compared the fine-mapping effect of cross-ancestry meta-analysis, the sample 

size in FIN + BBJ (n = 213,894) was much smaller than those in the other combinations (EUR + 

BBJ; n = 1,181,108, EUR + FIN; n = 1,094,458, and BBJ + EUR + FIN; n = 1,244,730), which may 

lead to difficulty in distinguishing the sample size effect from the fine-mapping effect of a cross-

ancestry meta-analysis. Accordingly, we examined the effect of a cross-ancestry meta-analysis by 

comparing three meta-GWASs (EUR + BBJ, EUR + FIN, and BBJ + EUR + FIN). We then 

compared the number of variants in the 99% credible set for each locus. Among them, the loci where 

at least one variant surpassed genome-wide significance (log10 BF > 6) in all meta-analyses were 

included in the test. The differences in the sizes of the credible sets were tested using the paired 

Wilcoxon rank-sum test. 
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Pleiotropic analysis 

To assess the pleiotropic effects of AF-associated variants, we selected the lead variants 

and their proxies with r2 > 0.8 across 150 AF-associated loci from the cross-ancestry meta-analysis, 

and searched if these variants overlapped with other diseases or traits using NHGRI-EBI GWAS 

catalog on February 8, 2019.  

For colocalization analysis, we used the summary statistics of QTL from the BBJ 

dataset17-19 for clinical parameters of nine distinct categories; anthropometric (height and body mass 

index), metabolic (total cholesterol, high-density-lipoprotein cholesterol, low-density-lipoprotein 

cholesterol, triglyceride, blood sugar, and hemoglobin A1c), serum protein (total protein and 

albumin), kidney-related (blood urea nitrogen, serum creatinine, estimated glomerular filtration rate, 

and uric acid), electrolyte (sodium, potassium, and chloride), liver-related (total bilirubin, aspartate 

aminotransferase, alanine aminotransferase, alkaline phosphatase, and γ-glutamyl transferase), other 

biochemical (activated partial thromboplastin time, prothrombin time, creatine kinase, lactate 

dehydrogenase, and C-reactive protein), hematological (white blood cell count, red blood cell count, 

hemoglobin, hematocrit, and platelet), and blood pressure (systolic blood pressure, diastolic blood 

pressure, mean arterial pressure, and pulse pressure). We extracted QTL data based on 150 AF-

associated loci identified by the cross-ancestry meta-GWAS, and colocalization was performed for 

each locus using Coloc.abf from the Coloc R package26. The thresholds of coloc H3 + H4 ≥ 0.8 and 

H4/H3 ≥ 2 were applied for significant colocalization by referring to a prior study27. 

 

Tissue and gene set enrichment analysis 

For tissue and gene set enrichment analysis, we used data-driven expression-prioritized 

integration for complex traits (DEPICT) software (https://data.broadinstitute.org/mpg/depict)20. To 

reduce the redundancy of the pathways, we applied affinity propagation clustering implemented in 

the apcluster package v.1.4.8 in R 28,29. Using this algorithm, we obtained distinct clusters that 

contained ‘exemplar’ pathway and member pathways. We extracted 48 exemplar tissues and 1,157 

gene sets for enrichment analysis and selected independent AF-associated variants with log10 BF > 5 
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as applied in a previous study30. The significance level was set at P = 1 × 10−3 (=0.05/48) for tissue 

enrichment analysis and P = 4.3 × 10−5 (=0.05/1,157) for gene set enrichment analysis. 
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Supplementary Figures 

 

Supplementary Fig. 1 | Tissue enrichment analysis.  

The results of tissue enrichment analysis using DEPICT software. AF-associated variants with log10 BF > 5 were selected (n = 16,181). The x-axis indicates 

the -log10 P value. Forty-eight exemplar tissues (Methods) were tested, and the significance level was set at P = 1 × 10−3 (0.05/48) accounting for multiple 

testing of tested tissues. BF, Bayes factor.  
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Supplementary Fig. 2 | Comparison of allele frequencies and allelic effects among ancestries and 

fine mapping derived from credible set analyses.  

Data on the results from each GWAS are shown: n = 150,272 (9,826 cases and 140,446 controls) for 

BBJ; n = 1,030,836 (60,620 cases and 970,216 controls) for EUR; n = 63,622 (7,244 cases and 

56,378 controls) for FIN; n = 1,181,108 (70,446 cases and 1,110,662 controls) for BBJ+EUR; n = 

1,094,458 (67,864 cases and 1,026,594 controls) for EUR+FIN; n = 1,244,730 (77,690 cases and 

1,167,040 controls) for BBJ+EUR+FIN. a-c, Comparisons of alternate allele frequencies of the 150 

lead variants identified in the cross-ancestry meta-analysis (a, BBJ versus EUR; b, BBJ versus FIN; 

c, EUR versus FIN). d-f, Comparison of estimated effect sizes of 150 lead variants. Effect sizes and 

confidence intervals were calculated using a logistic regression model. Each dot represents an 

estimated effect size (β) with an error bar indicating the 95% CI of the estimate (d, BBJ versus EUR; 

e, BBJ versus FIN; f, EUR versus FIN). Grey points indicate previously reported loci, and orange 
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points indicate newly identified loci in this study. ρ indicates Spearman’s correlation coefficient. g, 

h, Comparisons of the number of variants included in the 99% credible sets derived from each 

combination of the meta-analysis using paired Wilcoxon rank-sum test (g, EUR + BBJ versus EUR 

+ FIN; h, BBJ + EUR + FIN versus BBJ + EUR). Both the x and y axes represent the log-

transformed number of variants in the 99% credible sets. BBJ, BioBank Japan; EUR, European 

population; FIN, FinnGen data release 2; CI, confidence interval. 
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Supplementary Fig. 3 | Quantile-quantile plot for GWAS of three studies.  

a, the Japanese GWAS. b, GWAS of a meta-analysis in European population (EUR). c, GWAS in data 

from FinnGen project (FIN). GWAS, genome-wide association study. In a, b, and c, two-sided P 

values were calculated using a logistic regression model. 
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Supplementary Fig. 4 | Sex-stratified GWAS.  

Number of samples in sex-stratified GWAS was as follows: n = 81,050 (6,825 cases and 74,225 

controls) for male GWAS; n = 69,222 (3,001 cases and 66,221 controls) for female GWAS. a, Miami 

plot for sex-stratified GWAS. Upper panel for male GWAS and lower panel for female GWAS. 

Association signals that reached a genome-wide significance level (P < 5.0 × 10−8) are shown in blue 

if previously reported loci and in red if novel loci. Two-sided P values were calculated using a logistic 

regression model. b, Comparison of estimated effect sizes of the lead variants identified in sex-

stratified GWAS (n = 27 SNPs). Each dot represents an estimated effect size (β) with an error bar 

indicating the 95% CI of the estimate. The lead variants with significant heterogeneity (Phet < 0.0001) 

are highlighted in orange, and ρ indicates Spearman’s correlation coefficient (two-sided P value = 7.4 

× 10−7). GWAS, genome-wide association study. c, The results of the omnibus test in the PITX2-

C4orf32 (left) and CUX2 loci (right), respectively. Chi-square statistics were calculated from the 

omnibus test using regression models with and without an interaction term of SNP × sex. The y axis 
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represents -log10 P values obtained from the omnibus test for AF-associated variants with 

heterogeneity between sexes, showing against the genomic position of chromosomes 4 (left) and 12 

(right) on the x axis. The red line indicates a significant threshold adjusted for the number of variants 

tested (P = 0.05/399 for the PITX2-C4orf32 locus and P = 0.05/176 for the CUX2 locus).
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Supplementary Fig. 5 | CUX2 gene expression in liver.  

Violin plots showing the distribution of CUX2 gene expression in the liver based on GTEx data 

(nfemale=55 and nmale=120). Box plot represents the median, the bounds represent the first and third 

quartile, and the whiskers reach to 1.5 times the interquartile range. 
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Supplementary Fig. 6 | rs67329386 and transcription factor.  

ZFHX3 locus showing rs67329386 (highlighted in yellow) and proxies with r2 > 0.8 in European samples in 1KG along with ChIP-seq track of CEBPB 

experiments in mesenchymal stem cells.
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Supplementary Fig. 7 | Colocalization of quantitative traits with AF-associated signals.  

Heat-map representation of the approximate Bayes factor posterior probability of AF and quantitative traits to share a common causal variant at 150 AF-

associated loci (coloc H3 + H4 represented on a white-red color scale and H4/H3 < 2 in grey). The rows show 36 quantitative traits highlighted in each color 

of the 9 categories, and the columns show the chromosome and physical position of the lead variant in AF-associated loci. AF, atrial fibrillation; QTL, 

quantitative trait loci. 




