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Trans-ancestry genome-wide analyses of 
bipolar disorder in East Asian and European 
populations improve genetic discovery
 

Genome-wide association studies (GWASs) of bipolar disorder (BD) have 
predominantly included individuals of European (EUR) ancestry, underrep 
resenting non-EUR populations and limiting insight into disease 
mechanisms. Here we performed a GWAS of BD in Han Chinese individuals 
(5,164 cases and 13,460 controls) and conducted comparative and 
integrative analyses with independent East Asian (EAS, 4,479 cases and 
75,725 controls) and EUR (59,287 cases and 781,022 controls) cohorts from 
the PGC4 GWAS. Our GWAS in EAS ancestry identified two genome-wide 
significant risk loci, including variants at the major histocomp 
atibility complex (MHC) class II region. Incorporating EAS data into 
trans-ancestry GWAS revealed 93 significant loci (23 novel). Heritability 
enrichment analyses implicated a variety of neuronal cell types. Multidi
mensional post-GWAS prioritization identified 39 high-confidence risk 
genes, of which 15 were differentially expressed in the brains of patients 
with BD, 12 modulated BD-relevant behaviors in mice and 18 are pharmac
ologically tractable. This work advances understanding of the biological 
underpinnings of BD and provides direction for future research in und
errepresented populations.

Bipolar disorder (BD) is characterized by recurrent episodes of mania 
or hypomania and depression. The global prevalence of BD is approxi-
mately 2%1, and the approximate lifetime risk of BD in relatives of a 
bipolar proband is 5−10% in first-degree relatives and 40−70% among 
monozygotic co-twins2, suggesting a strong genetic predisposition.

Recent genome-wide association studies (GWASs) have uncov-
ered hundreds of BD susceptibility loci through meta-analyses of 
predominantly European (EUR) ancestry cohorts3–5. For example, 
PGC4 GWAS included 67,948 cases (ascertained from clinical and 
community samples) and 867,710 controls3, and the effective sample 
size (Neff = 4 × Ncase × Ncontrol/(Ncase + Ncontrol)) was 252,054. Among these 
samples, 87.4% derived from EUR ancestry, 3.6% from African, 6.7% 
from East Asian (EAS) and 1.2% from Latino, highlighting a pronounced 
ancestral disparity. Although the core biological mechanisms under-
lying BD are presumed to be conserved across ancestries, variations 

in allele frequencies and linkage disequilibrium (LD) patterns across 
continental populations could influence the detectability and magni-
tude of risk variants6,7. Multi-ancestry GWASs improve fine-mapping 
resolution by leveraging heterogeneous LD structures, facilitating the 
identification of robust disease-associated variants8–10. These consid-
erations underscore the critical need to increase ancestral diversity 
in BD GWASs.

To address the underrepresentation of Han Chinese in BD genetic 
studies, we previously conducted a GWAS of 1,822 cases and 4,650 
controls11. In the present study, we substantially expand this effort by 
including more Han Chinese individuals, yielding, to our knowledge, 
the largest-to-date GWAS cohort in this population (5,164 BD cases 
and 13,460 controls). We then perform comparative and integrative 
analyses, incorporating independent EAS and EUR cohorts from PGC4 
GWAS3. Through these analyses, we identify novel risk loci, cell type 
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negligible population stratification (Supplementary Fig. 1). The GWAS 
showed minimal inflation (λ = 1.10; λ1,000 = 1.01), and LD score regression 
(LDSC) analysis revealed no evidence of residual confounding (inter-
cept = 1.00 ± 0.01; attenuation ratio = 0.03 ± 0.06)12. The SNP-based 
heritability (h2

SNP) was estimated to be 0.24 ± 0.024 on the liability scale 
assuming a 2% BD prevalence. Manhattan and quantile−quantile (Q−Q) 
plots are presented in Fig. 2 (top) and Supplementary Fig. 2, respectively.

At a threshold of suggestive significance (P ≤ 5.00 × 10−6), we iden-
tified 696 SNPs across 24 loci (Supplementary Table 1), with three 
reaching genome-wide significance (GWS; P < 5.00 × 10−8): 6p21.32 
within the major histocompatibility complex (MHC) region (rs9271346, 
P = 4.68 × 10−10, odds ratio (OR) = 1.21, minor allele frequency 
(MAF) = 0.21), 8q21.12 (rs76178353, P = 2.21 × 10−8, OR = 1.41, MAF = 0.04) 
and 20p13 (rs2422679, P = 4.88 × 10−8, OR = 1.42, MAF = 0.05) 
(Supplementary Fig. 3). However, the 8q21.12 and 20p13 loci each 
contained only one GWS SNP, both of which presented effect sizes 
(ORs ≈ 1.4) substantially larger than those typically reported in previous 

enrichments and high-confidence risk genes, providing critical insights 
into the genetic architecture of BD.

Results
BD GWAS in Han Chinese populations
An overview of the study design and analytical procedures is shown in 
Fig. 1. In brief, Han Chinese individuals were genotyped using either 
the Illumina ASA chip (hereafter referred to as the ‘ASA sample’) or 
the GSA chip (‘GSA sample’), followed by stringent variant-level and 
individual-level quality control as well as imputation in each sample 
respectively using the same pipeline (Methods), and 6,953,302 auto-
somal biallelic single-nucleotide polymorphisms (SNPs) common to 
both samples were retained for association testing and meta-analysis 
(referred to as the ‘Han Chinese GWAS’). A final set of 5,164 clinical BD 
cases (mean age ± s.d. = 33.51 ± 12.72 years; 45.43% male) and 13,460 
controls (27.62 ± 6.16 years; 55.46% male) was included in the Han Chi-
nese GWAS (Table 1), and principal component analysis confirmed 
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Fig. 1 | Schematic overview of data sources and analytic steps. Our study 
included two independent Han Chinese GWAS cohorts (ASA sample and 
GSA sample), an EAS GWAS summary statistic (PGC4 EAS GWAS) and an EUR 
GWAS summary statistic (PGC4 EUR GWAS). Quality control (QC) process and 
association analyses were first performed separately in two Han Chinese GWAS 

cohorts, with results meta-analyzed to generate the Han Chinese GWAS. The Han 
Chinese GWAS was then meta-analyzed with PGC4 EAS GWAS into the EAS GWAS. 
Finally, the Han Chinese GWAS, the PGC4 EAS GWAS as well as the PGC4 EUR 
GWAS were further incorporated into the trans-ancestry GWAS. PCA, principal 
component analysis.
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BD GWASs3,4. Despite both SNPs passing rigorous post-imputation 
quality control, their low MAFs and sparse local LD raise concerns 
about potential imputation artifacts or effect size inflation13. We thus 
advise cautious interpretation of these associations until independent 
replication is achieved.

BD GWAS meta-analysis and polygenic prediction  
in EAS populations
We evaluated the genetic architecture similarities between Han Chinese  
GWAS (5,164 cases and 13,460 controls) and PGC4 EAS GWAS (4,479 
cases and 75,725 controls)3 through LDSC analysis14, and the two 
datasets exhibited a strong genetic correlation (rg = 0.63, s.e. = 0.11, 
P = 1.91 × 10−8). To analyze the polygenic architecture of BD, we next 
performed polygenic risk score (PRS) analysis using the PGC4 EAS 
GWAS as the training dataset and the Han Chinese cohort as the target 
dataset. The training dataset significantly predicted BD status in the 
target dataset, with SNPs explaining over 0.8% of the variance in BD 
(liability-scaled Nagelkerke pseudo R2) assuming a 1−5% prevalence 
(P = 9.04 × 10−24; Supplementary Table 2).

Meta-analysis combining both GWAS datasets (hereafter 
referred to as the ‘EAS GWAS’, including 9,643 cases and 89,185 con-
trols and 4,129,918 autosomal biallelic SNPs) yielded well-calibrated 
results (λ = 1.13; λ1,000 = 1.01) with minimal stratification (LDSC inter-
cept = 1.01 ± 0.01; attenuation ratio = 0.08 ± 0.06) and an h2

SNP of 
0.13 ± 0.013 assuming a 2% BD prevalence. Manhattan and Q−Q plots 
for the EAS GWAS are presented in Fig. 2 (top) and Supplementary Fig. 4. 
The EAS GWAS identified 205 SNPs spanning 22 loci showing sugges-
tive significance (Supplementary Table 3) and two loci reaching the 
GWS level, including 7p22.3 (rs61409925, P = 4.32 × 10−9, OR = 1.19; 
Supplementary Fig. 5a) encompassing the known BD risk gene 
MAD1L1 (refs. 4,15) and 6p21.32 within the MHC region (rs4713555, 
P = 8.67 × 10−12, OR = 1.16; Supplementary Fig. 5b). Two SNPs within 
6p21.32, rs9271346 and rs4713555, were both significant in the Han 
Chinese BD GWAS (rs9271346, P = 4.68 × 10−10, OR = 1.21; rs4713555, 

P = 5.20 × 10−9, OR = 1.17) and were in substantial LD (r2 = 0.13; D′ = 0.98). 
Although rs9271346 was not covered in the PGC4 EAS GWAS, rs4713555 
showed nominal significance (P = 3.91 × 10−4, OR = 1.15) and similar OR 
compared to the Han Chinese GWAS. Therefore, both GWASs supported 
the correlation between the 6p21.32 locus and BD, although the lead 
SNPs were different, likely due to array content variation.

Because the 6p21.32 lead variant is located at the MHC class II 
region (between HLA-DRB1 and HLA-DQA1), we inferred whether this 
association arose from human leukocyte antigen (HLA) alleles. We 
imputed HLA alleles on the basis of the HAN-MHC reference panel of 
Han Chinese individuals (N = 20,635)16 using SNP2HLA17 and found that 
the GWS SNPs at this locus were correlated with known HLA alleles, such 
as HLA_DRB1_07 (highest r2 = 0.91; Supplementary Table 4). Although 
we were unable to elucidate the LD relationship between the EAS GWS 
SNPs and C4 alleles due to the lack of reference panel for structural 
forms of the C4A/C4B locus in EAS, we observed that the GWS region 
at 6p21.32 in the EAS GWAS was approximately 480 kilobases (kb) away 
from the C4 genes. In addition, these EAS GWS SNPs are located far 
(approximately 6.11 megabases (Mb)) from the reported BD risk vari-
ants at MHC in EUR3, and the EAS GWS MHC locus was not significant 
in the PGC4 EUR GWAS (Supplementary Fig. 6).

Genetic correlation and polygenic overlap between BD and 
other traits in EAS
Using LDSC analysis14, we quantified genetic correlations (rg) between 
BD and 39 phenotypes in EAS. We used publicly available GWAS sum-
mary statistics of psychiatric, cognitive, hematological, anthropo-
metric and metabolic traits as well as non-neurological diseases 
(Supplementary Table 5). Strongest correlations emerged regard-
ing schizophrenia (rg = 0.65 ± 0.05, P = 1.80 × 10−32) and depression 
(rg = 0.60 ± 0.13, P = 3.58 × 10−6), and significant positive associations 
were also observed for coronary artery disease (CAD; rg = 0.16 ± 0.05, 
P = 2.00 × 10−3), educational attainment (rg = 0.14 ± 0.06, P = 0.02) and 
blood aspartate aminotransferase (AST) levels (rg = 0.12 ± 0.05, P = 0.01) 

Table 1 | Demographics of BD cohorts

Ancestry EAS cohorts EUR cohorts

Sample name Han Chinese ASA Han Chinese GSA PGC4 EAS GWAS PGC4 EUR GWAS

Case Control Case Control Case Control Case Control

Total sample size 4,141 7,831 1,023 5,629 4,479 75,725 59,287 781,022

Sex (male%) 44.83% 55.22% 47.90% 56.22% - -

Age (mean ± s.d.) 11−86  
(32.88 ± 10.27)

11−70  
(28.15 ± 6.47)

11−88 
(34.00 ± 14.64)

12−68  
(27.19 ± 6.04)

- -

Patients with BD-I (%) 65.51% - 68.52% - - 42.53% -

Patients with family 
history (%)

22.52% - 30.60% - - -

Geographical 
distribution

23.6% Western, 
24.2% Middle,
34.2% Southeast, 
18.01% Northeast of 
China

26.45% Western,
15.89% Middle,
32.13% Southeast,
25.41% Northeast 
of China

43.21% Western,
13.29% Middle,
43.5% Southeast 
of China

18.12% Western,
16.72% Middle, 
32.44% Southeast, 
32.72% Northeast 
of China

3 clinical cohorts
(see details in 
PGC4 GWAS)

51 clinical cohorts and 17 
community cohorts
(see details in PGC4 GWAS)

Genotyping platform Illumina ASA chip Illumina GSA chip OMEX, KoreanChip 14 types of chips (see details 
in PGC4 GWAS)

Data type Raw genotype array data Summary statistics

Ascertainment Clinical (DSM-IV) Clinical 
(DSM-IV-TR)

Clinical + community
(DSM-IV, ICD-9 or ICD-
10; semi-structured or 
structured interviews, 
clinician-administered 
checklists, medical record 
review, registries or 
questionnaire data)

DSM-IV-TR, Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition, Text Revision; ICD-9, International Classification of Diseases, Ninth Revision; ICD-10, International 
Classification of Diseases, Tenth Revision.
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(Supplementary Fig. 7a). Three phenotypes exhibiting negative cor-
relations with BD were weight (rg = −0.07 ± 0.04, P = 0.04), blood tri-
glyceride level (rg = −0.11 ± 0.05, P = 0.02) and blood creatinine level 
(rg = −0.11 ± 0.05, P = 0.03) (Supplementary Fig. 7a). Most of the above 
genetic correlations observed in EAS were in line with the results in EUR 
(Supplementary Table 5)3,4.

We then used MiXeR18 to evaluate the polygenic overlap between 
BD and those genetically correlated traits. Univariate estimates of 
polygenicity found that approximately 6,370 variants influenced BD, 
and approximately 9,010 affected schizophrenia, 2,100 for depression, 
750 for CAD, 12,290 for educational attainment, 680 for blood AST 
level, 6,380 for weight, 160 for blood triglyceride level and 1,600 for 
blood creatinine level. Bivariate Gaussian mixture models were then 
applied to estimate the number and proportion of shared variants 
between BD and those traits and revealed extensive polygenic overlap 
(Supplementary Fig. 7b and Supplementary Table 6). In brief, 95.8% 
(6,100 out of 6,370) and 93.8% (5,980 out of 6,370) BD-associated 
variants co-influenced educational attainment and schizophrenia, 
respectively, and 87.6% (1,840 out of 2,100) depression-associated 
variants, 81.4% (610 out of 750) CAD-associated variants, 73.3% 
(500 out of 680) AST-associated variants and 87.2% (140 out of 160) 
triglyceride-associated variants were shared with BD. Directional 
effect concordance between BD and those traits was high for shared 
variants involving schizophrenia (84.6%), depression (98.4%) and 
CAD (83.8%). However, only 55.6% of the shared variants between BD 
and educational attainment exhibited concordant effects, mirror-
ing findings from the EUR population (55% shared variants showed 
concordant effects)4.

Similarities and differences in BD-related genetic effects 
across ancestries
Leveraging EAS GWAS (9,643 cases and 89,185 controls) and PGC4 
EUR GWAS (59,287 cases and 781,022 controls), we observed substan-
tial genetic correlations between EAS and EUR using Popcorn (ver-
sion 1.0)19, with a significant genetic impact correlation (ρgi = 0.85, 
s.e. = 0.07, 95% confidence interval: 0.72−0.98, Pless_than_one = 0.02 and 
Plarger_than_zero = 1.28 × 10−37) and a genetic effect correlation (ρge = 0.86, 

s.e. = 0.07, 95% confidence interval: 0.72−0.99, Pless_than_one = 0.04 and 
Plarger_than_zero = 3.77 × 10−36).

We evaluated how much variation in EAS risk could be explained 
by EUR GWAS through PRS analysis. Because the genotype data of the 
PGC4 EAS GWAS were not available, we used the Han Chinese GWAS as 
the target dataset and the PGC4 EUR GWAS as the training dataset. At 
an assumed population prevalence of 1−5%, the PRS explained 2.1−3.3% 
(P = 5.10 × 10−89) of BD risk on the liability scale (Supplementary Table 7), 
a marked improvement over previous estimates (R2 = 1.27% at 1% preva-
lence)11. These findings further support substantial cross-population 
consistency in the genetic architecture of BD.

To assess the trans-ancestral portability of BD risk loci, we system-
atically compared genetic effects between EAS and EUR. Among the 88 
loci (lead SNPs or their proxies) identified in the PGC4 EUR GWAS, we 
compared their directions of allelic effects in BD cases and controls from 
EAS GWAS and found that 75 loci (23 achieving nominal significance, 
P < 0.05) exhibited consistent directions (Supplementary Table 8). 
Effect size correlation analysis of the 88 loci revealed a strong positive 
association between EAS and EUR ORs (Pearson s r2 = 0.6, P = 1.11 × 10−9; 
Supplementary Fig. 8). To evaluate whether population differentiation 
influences risk allele effects of the 88 loci across different populations, 
we quantified genetic divergence using the fixation index (FST) and 
assessed heterogeneity of effect size using Cochran’s Q test (measured 
by –log10(P)). No significant correlation emerged between FST and 
effect size heterogeneities (Supplementary Fig. 9), suggesting minimal 
impact of ancestral divergence on risk locus effects.

Population diversity improves the identification of 
BD-associated loci
We performed a trans-ancestry meta-analysis by combining EAS 
GWAS with PGC4 EUR GWAS. After quality control, 4,981,294 auto-
somal biallelic SNPs common to both populations were retained. 
The trans-ancestry GWAS revealed minimal inflation (λ = 1.51, 
λ1,000 = 1.00), with LDSC parameters (intercept = 1.05 ± 0.01, attenuation 
ratio = 0.07 ± 0.01) confirming polygenic architecture rather than popu-
lation stratification. Manhattan and Q−Q plots of the trans-ancestry 
GWAS are shown in Fig. 2 (bottom) and Supplementary Fig. 10. At the 

TARS2

ATP2B2

PLCL2
ATP11B

RGS12

SCLT1

GABRB2/
GABRA6

SNAP91

MAD1L1

ABCB5

PLEC

CACNB2

ARL3

RP11-22P4.1

NPAS

SLC24A4

RBFOX1/
RP11-420N3.2

MTSS1L

DEF8

NPTX1

LINC00669

PPP1R16B

MHC

MAD1L1

12

–l
og

10
(P

 v
al

ue
) 10

8

3

3

1

10

15

20

–l
og

10
(P

 v
al

ue
)

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Han Chinese GWAS
EAS GWAS

Trans-ancestry GWAS
Novel loci

Fig. 2 | Miami plot of Han Chinese GWAS, EAS GWAS and trans-ancestry GWAS. 
Top: Manhattan plot presents both Han Chinese GWAS (5,164 cases and 13,460 
controls) with one GWS locus and EAS GWAS (9,643 cases and 89,185 controls) 
with two GWS loci. Genes or regions where the lead SNPs located at or close to 
are labeled. Bottom: Manhattan plot for trans-ancestry GWAS (68,930 cases and 
870,207 controls) with 93 GWS loci. Twenty-three loci in trans-ancestry GWAS 
that have not been identified in PGC4 EUR GWAS are highlighted by red diamond-

shaped points. Genes where the lead SNPs located at or close to are labeled.  
The x axes show the genomic position (chromosomes 1−22 according to GRCh37).  
The y axes show the –log10P values for association with BD. P values are two-
sided and generated from inverse variance-weighted meta-analyses. The GWS 
threshold after Bonferroni correction (P < 5.00 × 10−8 = 0.05/1.00 × 106) is 
represented as red dashed lines.

http://www.nature.com/natureneuroscience


Nature Neuroscience

Article https://doi.org/10.1038/s41593-025-02147-2

GWS threshold, we identified 2,714 significant SNPs clustered into 
93 independent loci (EUR LD-based clumping: r2 < 0.1 within 500 kb; 
Supplementary Table 9 and Supplementary Fig. 11), and there were 23 
novel loci compared to the PGC4 EUR GWAS findings (Table 2). Among 
the 93 loci, 93.5% (87/93) presented consistent directions of effect 
between EAS and EUR, which further supports the trans-ancestral con-
sistency of BD genetic architecture.

Genomic region, tissue and cell type enrichment analyses of 
BD-associated loci
Our analyses revealed significant enrichment of BD heritability in 
genomic regions with diverse functional characteristics, including 
chromatin accessibility states, regulatory elements and human accel-
erated regions (HARs) (PBonferroni < 0.05; Supplementary Table 10 and 
Supplementary Fig. 12a). Promoter and proximal enhancer elements 
from ENCODE candidate cis-regulatory elements (cCREs) showed par-
ticularly strong enrichment (promoter: OR = 6.87; proximal enhancer: 
OR = 8.57), highlighting the importance of regulatory elements in BD 
pathogenesis. HARs were similarly enriched, implicating evolutionarily 
divergent loci in behavioral processes potentially disrupted in BD and 
supporting emerging evidence of their involvement in neuropsychiatric 
and neurodevelopmental disorders20. Transcription factor binding 
site (TFBS) analysis revealed 40 significantly enriched transcription 
factors among the 137 tested candidates (Supplementary Table 10 
and Supplementary Fig. 12b), with P53 demonstrating the strongest 
association (OR = 5.05), followed by KLF4 and GATA1, suggesting their 
potential regulatory roles in BD-related gene networks.

Genotype-Tissue Expression (GTEx)21-based tissue enrich-
ment analysis revealed that BD association signals were most 

abundant in brain tissues, particularly the cerebellum and frontal 
cortex (Supplementary Table 11 and Supplementary Fig. 13a). We then 
performed a cell type enrichment analysis using datasets from two 
BRAIN Cell Census (BRAIN Initiative Cell Census Network (BICCN)) 
studies and found significant enrichment of BD heritability in excita-
tory and inhibitory cortical neurons (Supplementary Fig. 13b)22. In 
particular, multiple types of inhibitory neurons (In_CCK, In_INT, 
In_CALB2 and In_PV) showed maximal enrichment during prenatal 
development, whereas those of excitatory neurons (EX_L5_6_IT, EX_L4, 
EX_L2_3 and EX_inter) became more prominent postnatally (Fig. 3a and 
Supplementary Table 12). We also used single-cell expression data of 
3.369 million nuclei from several subcortical brain regions, including 
the basal ganglia caudate, hippocampus, amygdala and midbrain 
substantia nigra (Fig. 3b and Supplementary Table 13)23, and observed 
significant enrichment in caudal ganglionic eminence (CGE)-derived 
interneurons, especially in the hippocampus (P = 7.11 × 10−7 in the 
CA1 CA3 region; P = 6.01 × 10−10 in the dentate gyrus CA4 region) and 
LAMP5_LHX6_and_Chandelier neurons (P = 2.10 × 10−7 in the hippocam-
pus CA1 CA3 region; P = 3.00 × 10−6 in the amygdala). We also observed 
enrichment of BD associations in some region-specific neurons, such 
as medium spiny neurons (MSNs) and eccentric medium spiny neu-
rons (eMSNs) in the amygdala (P = 3.92 × 10−9 for MSNs; P = 5.73 × 10−7 
for eMSNs) and caudate (P = 3.67 × 10−8 for eMSNs), midbrain-derived 
inhibitory neurons (P = 8.64 × 10−13), amygdala excitatory neurons 
(P = 1.22 × 10−6) and hippocampal dentate gyrus cells (P = 1.19 × 10−6).

Prioritization of BD risk variants and genes
We performed functional fine-mapping via Polyfun + SuSiE24 on the 92 
GWS loci identified in the trans-ancestry GWAS (excluding MHC), which 

Table 2 | Novel BD risk loci in trans-ancestry GWAS

CHR BP Lead SNP Locus name A1/A2 Meta-analysis PGC4 EUR GWAS EAS GWAS

P value OR P value OR Frequency P value OR Frequency

1 150466925 rs12116970 TARS2 T/C 2.02 × 10−8 0.95 1.06 × 10−7 0.95 0.22 0.08 0.95 0.07

3 10525468 rs79743019 ATP2B2 T/C 2.82 × 10−8 0.95 2.57 × 10−7 0.96 0.38 9.26 × 10−3 0.90 0.04

3 16851665 rs35992988 PLCL2 T/C 8.29 × 10−10 0.94 6.45 × 10−7 0.94 0.13 2.58 × 10−4 0.93 0.29

3 182615560 rs59108404 ATP11B G/A 3.92 × 10−8 0.96 3.73 × 10−7 0.96 0.67 0.04 0.96 0.36

4 3401678 rs73193388 RGS12 T/C 2.71 × 10−9 1.06 7.78 × 10−7 1.06 0.14 6.23 × 10−4 1.08 0.14

4 129868556 rs66921209 SCLT1 C/T 2.81 × 10−8 0.95 2.78 × 10−7 0.95 0.17 0.03 0.96 0.22

5 160975332 rs3816596 GABRB2:GABRA6 T/C 3.06 × 10−9 0.96 3.48 × 10−6 0.96 0.37 0.09 0.94 0.40

6 84409255 rs217286 SNAP91 G/A 2.50 × 10−8 0.96 6.01 × 10−6 0.96 0.42 3.22 × 10−4 0.94 0.43

7 1900208 rs4644136 MAD1L1 C/T 3.06 × 10−11 1.05 5.57 × 10−8 1.04 0.60 2.99 × 10−5 1.08 0.45

7 20808728 rs4721948 ABCB5 C/T 4.51 × 10−9 0.96 2.75 × 10−7 0.96 0.37 1.98 × 10−3 0.93 0.21

8 144993377 rs6992333 PLEC G/A 2.81 × 10−8 1.04 4.26 × 10−7 1.04 0.43 0.02 1.06 0.15

10 18742254 rs4748468 CACNB2 A/G 2.07 × 10−8 0.94 1.69 × 10−7 0.94 0.11 0.04 0.94 0.08

10 104436641 rs8354 ARL3 T/C 1.33 × 10−9 0.94 1.56 × 10−6 0.94 0.09 2.04 × 10−4 0.94 0.42

11 28614490 rs2585813 RP11-22P4.1 A/T 2.30 × 10−8 1.04 5.60 × 10−7 1.04 0.62 0.01 1.05 0.29

14 33391029 rs35985675 NPAS3 A/T 5.26 × 10−9 0.95 3.59 × 10−7 0.95 0.19 1.82 × 10−3 0.92 0.29

14 92795912 rs4904871 SLC24A4 A/G 2.91 × 10−8 0.96 1.86 × 10−7 0.96 0.45 0.04 0.96 0.44

16 6345162 rs113039090 RBFOX1 G/A 1.09 × 10−8 1.05 4.01 × 10−7 1.05 0.23 5.74 × 10−3 1.07 0.17

16 70703776 rs6499334 MTSS1L T/C 5.26 × 10−9 1.05 2.00 × 10−7 1.04 0.64 4.91 × 10−3 1.07 0.42

16 90020861 rs7195043 DEF8 C/T 1.58 × 10−8 1.04 2.61 × 10−6 1.04 0.54 3.78 × 10−5 1.13 0.20

17 68358571 rs3848450 CTD-2378E21.1 A/C 1.45 × 10−8 1.04 5.41 × 10−6 1.04 0.29 1.89 × 10−4 1.07 0.30

17 78448640 rs12600720 NPTX1 G/C 4.93 × 10−8 1.05 2.11 × 10−6 1.04 0.32 3.60 × 10−3 1.08 0.36

18 36808870 rs11082129 LINC00669 C/T 8.67 × 10−9 1.04 8.77 × 10−7 1.04 0.60 1.77 × 10−3 1.06 0.28

20 37426336 rs6071522 PPP1R16B G/A 1.52 × 10−8 0.96 1.62 × 10−7 0.96 0.45 0.03 0.96 0.41

P values for meta-analysis and EAS GWAS are two-sided and based on inverse variance-weighted meta-analyses. CHR, chromosome; BP, base-pair position (GRCh37).
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Fig. 3 | Cell type enrichment analyses for BD GWAS. a, The heatmap displays the 
results of enrichment analysis for cortical cell types at different developmental 
stages of trans-ancestry GWAS. The enrichment analysis was performed by 
the R package MAGMA.Celltyping (version 2.0.11) using data from Velmeshev 
et al.22. Each row represents a specific cell type, and each column represents a 
specific developmental period. The ‘Linear’ mode of the R package MAGMA.
Celltyping was applied, which performed a one-side linear regression association 
test between cell-type-specific gene expression metric and BD gene-level 
associations. The color intensity represents the −log10 of one-sided nominal 
P values, with darker colors indicating higher significance. The significance 
threshold after Bonferroni correction is P < 4.03 × 10−4 = 0.05/124. Excitatory 
neurons: EX_L2_3, upper-layer intratelencephalic projection neurons; EX_L5_6_IT, 
deep-layer intratelencephalic projection neurons; EX_L4, EX_L5 and EX_L6, 
extratelencephalic projection neurons in layer 4, layer 5 and layer 6; EX_inter, 

intermediate precursor cells; EX_Progenitors, dorsal progenitors; EX_SP, 
subplate neurons. Inhibitory neurons: In_INT, intermediate precursor cells; 
In_SST, somatostatin; In_RELN, reelin; In_SV2C, synaptic vesicle glycoprotein 2C; 
In_VIP, vasoactive intestinal polypeptide; In_CCK, cholecystokinin; In_SST_RELN, 
co-expressing SST and reelin; In_CALB2, calretinin; In_PV, parvalbumin; In_NOS, 
nitric acid synthase; In_PV_MP, inhibitory neurons co-expressing Pvalb with 
three metallopeptidases, Adamts8, Adamts15 and Mme. b, The bar plot shows 
the significant results of enrichment analysis for cell types in multiple brain 
dissections of trans-ancestry GWAS. The enrichment analysis was performed 
by the R package MAGMA.Celltyping (version 2.0.11). The y axis shows −log10 
of one-sided nominal P values. The Bonferroni-corrected significance 
(P < 9.43 × 10−4 = 0.05/53) is represented as the gray dashed line. The single-cell 
dataset was from Siletti et al.23, including five brain regions. DG, dentate gyrus; 
MGE, medial ganglionic eminence.
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generated 117 95% credible sets of SNPs, including 59 high-confidence 
SNPs with posterior inclusion probability (PIP) > 0.5 and 29 SNPs having 
PIPs exceeding 0.95 (Supplementary Table 14).

We then employed a multi-tiered analytical framework integrating 
SNP-based, gene-based and similarity-based approaches to prioritize 
credible BD risk genes. Drawing on established methodologies3,25, we 
first performed a ‘discovery step’ analysis leveraging genomic posi-
tion, chromatin interaction (Hi-C) and expression quantitative trait 
locus (eQTL) data. These 59 putatively causal SNPs were annotated to 
79 candidate genes by performing a SNP-to-gene mapping strategy 
using FUMA26 (Supplementary Table 14), which incorporates positional 
and three-dimensional chromatin interaction mappings; the summary 
data-based Mendelian randomization (SMR)27 of these 59 SNPs, based 
on cortex eQTL data from BrainMeta28, identified an additional 36 genes 
(Supplementary Table 15). Therefore, the discovery step yielded 115 
high-priority candidate genes. These genes were assigned a discovery 
score, ranging from 1 to 2.

We cross-validated these 115 candidate genes using seven 
complementary strategies (Supplementary Table 16). In brief, to 

achieve greater representation of multiple types of tissues and cells, 
three-dimensional functional annotations from the 3DSNP database29 
(Supplementary Table 17) and multi-tissue eQTLs from the GTEx dataset21 
(Supplementary Table 18) of the 59 putatively causal SNPs were collected. 
To factor in the possibility that the lead SNP of a locus was not highlighted 
in the fine-mapping analyses, we integrated nearest-gene mapping 
of lead SNPs (Supplementary Table 19). Transcriptome-wide associa-
tion studies (TWASs) (Supplementary Table 20)30 and genome-wide 
co-localization analyses31 (Supplementary Table 21), which are consid-
ered important complements for SMR, were also conducted. MAGMA32 
(Supplementary Table 22), which aggregates signals across genes 
and detects associations driven by multiple variants, was applied. In 
addition, similarity-based method polygenic priority score (PoPS)33 
(Supplementary Table 23) was applied for orthogonal validations of 
SNP-based and gene-based methods. Each of the 115 genes received a 
cumulative validation score (range, 0–7) on the basis of supporting evi-
dence across all seven validation approaches. The total score (discovery 
+ validation) was then calculated for all genes, with higher scores reflect-
ing greater confidence. Eventually, we identified 39 genes scored more 

√ √ √ √ √ √√ √ √
√ √ √ √ √√ √ √
√ √ √ √ √√ √ √
√ √ √ √ √ √√
√ √ √ √ √√
√ √ √ √ √√
√ √ √ √√ √
√ √ √ √√ √

√ √ √ √√ √
√ √ √ √ √√
√ √ √ √√ √
√ √ √ √√
√ √ √ √√
√ √ √ √ √
√ √ √ √√
√ √ √ √√

√ √ √ √ √
√ √ √ √√
√ √ √ √√
√ √ √ √√
√ √ √ √√
√ √ √ √ √
√ √ √ √
√ √ √ √

√ √ √ √
√ √ √√

√ √ √ √
√ √ √√
√ √ √ √
√ √ √√

√ √ √ √
√ √ √ √
√ √ √√
√ √ √√
√ √ √√
√ √ √√
√ √ √√

√ √ √ √
√ √ √√

4
4

4
4
4
4

4

9
8
8
7
6
6
6
6
6
6
6
5
5
5
5
5
5
5
5
5
5
5
4
4
4
4
4
4
4
4
4
4

WIPF3
STK4

TRANK1
SP4

CACNA1B
CACNB2

HTR6
NDFIP2

PLEKHA8
SYT14
SYT16

BCL11B
DRD2

FURIN
NPTX1
PLCL2
PMVK

RPS6KA2
SHANK2
SHISA9
YWHAE
ZBTB7B

ALPK3
ARMC7

ARTN
ATP2B2
DCLK3
DOCK2

GABRA6
GABRB2
KCNN3
KMT2E

MACROD1
MAD1L1

MYRF
NPAS3

NT5C
PBXIP1

PPP2R2B

Evidence
count FUMA SMR Hi-C eQTL

MAGMA PoPSLead SNP
nearest TWAS Coloc

High-confidence SNPs by fine-mapping

Fig. 4 | Gene prioritization results. A total of nine lines of evidence were used 
for gene prioritization, with each column representing a type of supportive 
evidence, and the candidate genes supported by at least four lines of evidence 
are displayed. Coloc, co-localization analysis; eQTL, eQTL associations across 

multiple brain tissues of putatively causal SNPs in the GTEx dataset; Hi-C, three-
dimensional functional annotations of putatively causal SNPs in the 3DSNP 
website; Lead SNP nearest, nearest gene of lead SNP.
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than 4 (Fig. 4), including 33 novel candidates not reported in PGC4 GWAS 
(which prioritized SP4, CACNA1B, SHANK2, BCL11B, FURIN and SHISA9)3. 
The gene with the most robust evidence in the present study was WIPF3. 
Despite the largely unknown function of this gene in the brain, its corre-
sponding putatively causal SNP rs11761277 (PIP = 0.955) was predicted to 
increase the expression of this gene in the cortex according to the Brain-
Meta dataset (PeQTL = 6.72 × 10−48)28; the expression of WIPF3 was signifi-
cantly upregulated in the frontal cortices of patients with BD compared 
to those of controls (P = 0.0013; data from a PsychENCODE Consortium 
study including 222 patients with BD and 936 controls34). Additionally, a 
recent cortical single-cell RNA sequencing analysis35 revealed that WIPF3 
expression was increased in 34 patients with BD compared to that in 130 
controls across multiple types of cells, including EX_L2_3 (P = 4.5 × 10−3), 
EX_L4 (P = 0.01), EX_L5_IT (P = 3.6 × 10−4), EX_L6_CT (P = 0.02), EX_L6_IT 
(P = 0.01), LAMP5 (P = 0.01) and In_VIP (P = 7.3 × 10−3).

We identified 15 of the 39 credible genes as differentially expressed 
in either the bulk frontal cortex or specific cellular subtypes between 
patients with BD and controls34,35. Permutation testing confirmed 
that these credible genes had a significantly higher likelihood of 
being differentially expressed than genes randomly selected from 
the genome (P < 0.1 according to the permutation test; Fig. 5 and 
Supplementary Table 24). For the highlighted types of cells, EX_L4_IT 
and EX_L5_IT refer to excitatory intratelencephalic projecting neurons 
from layer 4 and layer 5 of prefrontal cortex; L6 corticothalamic neu-
rons project from layer 6 of the prefrontal cortex to various regions 
of thalamus; and LAMP5 neurons and parvalbumin-positive neurons 
(Pvalb) are inhibitory neurons from the CGE and MGE, respectively. 
These results corroborated those of the cellular enrichment analyses 
showing enrichment of BD associations in cortical LAMP5 interneurons 
and deep-layer intratelencephalic neurons.
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Fig. 5 | Differential expression of credible genes between BD cases and 
controls. Fifteen credible genes show differential expression in six cell types 
between BD cases (N = 34) and healthy controls (N = 130). This dataset was 
derived from Emani et al.35. Each bar shows the estimated expression differences 
(log2FC) between cases and controls for the credible BD risk genes; error bars 
indicate ±1 s.e. Statistical significance was assessed with two-sided Wald tests 
(reported P values are nominal and uncorrected). Different colors indicate 

four P value thresholds. Astro, astrocytes from DLPFC; EX_L5_IT, excitatory 
intratelencephalic projecting neurons from layer 5 of DLPFC; EX_L4_IT, excitatory 
intratelencephalic projecting neurons from layer 4 of DLPFC; EX_L6_CP, 
excitatory corticothalamic (extratelencephalic) from layer 6 of DLPFC; In_Lamp5, 
GABAergic interneurons expressing Lamp 5 from DLPFC; In_PV, GABAergic 
interneurons expressing parvalbumin from DLPFC. FC, fold change.
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Biological relevance and therapeutic implications of BD 
credible genes
We evaluated the behavioral phenotypes of mice lacking credible genes 
from the Mouse Genome Informatics (MGI) database. Among the 39 
credible genes examined, multiple loci in knockout mice presented 
alterations across the behavioral domains implicated in BD, includ-
ing emotional regulation, cognitive function, locomotor activity and 
social interaction (Fig. 6a and Supplementary Table 25). Specifically, 
Cacna1b, Drd2, Npas3, Ppp2r2b, Shank2, Shisa9 and Sp4 knockout mice 
presented hyperactivity in the open field test, whereas Npas3, Trank1, 
Drd2 and Cacna1b knockouts presented anxiolytic-like phenotypes 
in the elevated plus maze. Exploration in a novel environment was 
enhanced in Cacna1b, Gabrb2 and Npas3 knockout mice, and deficits 
in spatial learning or memory were observed in Sp4, Shank2, Cacna1b, 
Gabrb2 and Npas3 knockouts, with Sp4 and Cacna1b ablation particu-
larly impairing multiple cognitive domains.

We performed functional annotation of credible genes using the 
SynGO database36. Eleven genes were annotated as synaptic compo-
nents, with broad functional involvement in key synaptic processes, 
including membrane potential modulation, synaptic vesicle cycling 
and synaptic organization (Fig. 6b,c and Supplementary Table 26). 
Among these genes, eight (ATP2B2, DRD2, GABRA6, GABRB2, NPTX1, 
SHANK2, SHISA9 and YWHAE) contribute to postsynaptic mechanisms 
or localize to postsynaptic compartments, whereas five (ATP2B2, 
CACNA1B, CACNB2, DRD2 and GABRB2) have been implicated in 
presynaptic function.

To assess the therapeutic potential, we evaluated the druggability 
of BD risk genes using the Drug−Gene Interaction Database (DGIdb 
version 5.0)37. Among the 39 credible genes, 17 demonstrated interac-
tions with 544 pharmacological agents (Supplementary Table 27), 
with notable drug−target interactions identified for DRD2 (254 drugs, 
including 42 antipsychotics/antidepressants), GABRB2 (87 drugs, 19 
antiepileptics/anxiolytics/antidepressants) and GABRA6 (85 drugs, 
18 antiepileptics/anxiolytics/antidepressants). Gene set enrich-
ment analysis of these drug−gene interactions showed a significant 
enrichment (P < 0.001) for targets of the anesthetic propofol and 
benzodiazepine-related hypnotic zopiclone (Supplementary Table 28). 
Complementary analysis through the Open Targets platform identi-
fied 18 credible genes with small-molecule tractability, including five 
(PLEKHA8, ARMC7, FURIN, MACROD1 and DCLK3) that are not currently 
targeted by approved drugs (Supplementary Table 29). These find-
ings highlight both established pharmacological pathways and novel 
opportunities for BD-related drug development.

Discussion
A merit of multi-ancestry GWAS is bringing advantages for variant 
fine-mapping by leveraging population-specific LD patterns. We pre-
sent, to our knowledge, the largest Han Chinese BD cohort to date, 
comprising clinically diagnosed cases with an h2

SNP estimate (0.24) 
consistent with previous reports3. Inclusion of EAS samples into 
trans-ancestry meta-analyses enabled more precise identification 
of credible risk variants, underscoring the value of diverse ancestry 
sampling for disentangling true causal variants from LD proxies. 
Empirical evidence demonstrated that the trans-ancestry GWAS sig-
nificantly improved fine-mapping resolution: for the 69 shared GWS 
loci (excluding MHC) between our trans-ancestry GWAS and PGC4 EUR 
GWAS, the average credible set size decreased from 21.83 SNPs (span-
ning 108.43 kb) in EUR to 10.91 SNPs (65.79 kb) in our trans-ancestry 
GWAS (P = 9.43 × 10−4; Supplementary Table 30), representing a nearly 
two-fold improvement in localization resolution. Notably, although 
our fine-mapping approach pinpointed putatively causal SNPs for 
many loci, certain genomic regions (for example, 10q24.32 and 16p11.2) 
containing extended LD blocks remain challenging to resolve, high-
lighting the need for complementary approaches to characterize these 
architecturally complex risk loci fully.

Among the 23 novel loci compared with PGC4 EUR GWAS, four 
(ATP2B2, MAD1L1, PLEC and CACNB2) reside within previously reported 
BD-associated genomic regions4,15; seven (GABRB2, ABCB5, RP11-22P4.1, 
NPAS3, RBFOX1, LINC00669 and PPP1R16B) were implicated in PGC4 
GWAS incorporating diverse ascertainment strategies (clinical, com-
munity and self-report cohorts)3; and eight (PLCL2, ATP11B, GABRB2, 
SNAP91, MAD1L1, CACNB2, ARL3 and NPAS3) demonstrated pleiotropic 
associations with other psychiatric disorders or related cognitive and 
affective traits8,25,38–44. These findings not only expand the catalog of BD 
risk loci but also reveal potential shared genetic architectures across 
mental health domains.

Developmental trajectory mapping of BD genetic risk demon-
strated fetal stage-specific enrichment in inhibitory neurons versus 
pan-developmental enrichment in excitatory neurons, particularly 
deep-layer intratelencephalic projection neurons (EX_L5_6_IT). Our 
single-nuclei RNA sequencing analyses facilitated unprecedented 
cellular resolution, identifying subcortical interneuron subtypes as 
key enrichment targets, including hippocampal dentate gyrus–CA4 
CGE interneurons and substantia nigra midbrain-derived inhibitory 
populations. We detected enrichment in eMSNs within the caudate 
and amygdala, a novel subclass indistinguishable using classic D1/
D2 markers45, mirroring findings from both PGC4 GWAS and a recent 
study on schizophrenia3,46. Hippocampal dentate gyrus neurons also 
showed significant enrichment, which aligns with previous reports of 
dentate gyrus hyperexcitability and lithium responsiveness in both 
BD models and patient-derived cells47. These results implicate dis-
rupted cortico−subcortical circuitry in BD pathogenesis, highlight-
ing specific interneuron−excitatory neuron interactions as potential 
mechanistic hubs.

We observed a counterintuitive positive genetic correlation 
between BD and educational attainment in EAS (rg = 0.14), replicating 
previous findings in EUR (rg = 0.12)4. In the epidemiological study, 
evidence showed that patients with BD tend to attain a greater level 
of education than the general population48. Further investigations 
using MiXeR suggest that the genetic relationship between BD and 
educational attainment is far more intricate than indicated by their 
overall positive association. In EAS, we found that, of the genetic vari-
ants influencing BD, 95.8% also affect educational attainment, and 
55.6% have concordant effects with both traits. This mirrors findings 
in EUR, in which 98% of BD-related variants overlap with educational 
attainment, and 55% are concordant4. This extensive genetic overlap, 
coupled with longitudinal evidence of U-shaped risk associations 
across educational performance spectra49,50, underscores a need for 
future studies dissecting subtype-specific and bidirectional relation-
ships through refined endophenotypic approaches.

EAS GWAS confirmed the 6p21.32 MHC region association, with 
the lead variant rs4713555 in the HLA region, which was not significant 
in the PGC4 EUR GWAS. Instead of the ‘lower’ end of the MHC region 
where rs4713555 resides, the MHC locus reported in PGC4 EUR GWAS3 
is located at the other end nearing the gene BTN3A2 and had no LD or 
correlations with rs4713555. In addition to HLA alleles and BTN3A2, the 
C4 encoding genes are also pivotal in MHC. Elevated expression of C4 
genes in the brain was implicated in BD I (BD-I) and schizophrenia51,52. 
Nonetheless, PGC3 GWAS4 imputed the five most common struc-
tural forms of the C4A/C4B locus (BS, AL, AL–BS, AL–BL and AL–AL) 
in EUR and reported no significant associations with BD53. Although 
the MHC is a very large genomic region showing complicated LD pat-
terns, the observed differences on BD genetic architecture within 
MHC locus between ancestry does not necessarily imply different 
biological etiology.

The GWS variant rs174576 at 11q12.2 in the PGC4 EAS GWAS3 was 
not significant in the Han Chinese GWAS. This discrepancy may reflect 
population-specific factors: the FADS1/FADS2 locus encompassing 
rs174576 has undergone dietary-associated selection in EAS54, exhibiting 
latitude-dependent allele frequency variation55, suggesting potential 
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heterogeneity in environmental exposures across cohorts. Therefore, 
the heterogeneities in sample composition (for example, residences of 
participants or their dietary habits) may lead to inconsistencies at this 
locus between the Han Chinese GWAS and the PGC4 EAS GWAS. Such 
differences may also influence the h2

SNP estimates, which were 0.239 in 
the Han Chinese GWAS and 0.099 in the PGC4 EAS GWAS. The lower esti-
mate in PGC4 EAS may reflect a higher proportion of BD II cases in that 
cohort compared to ours, and there are also differences in the coverage 
of SNPs across studies, with the Han Chinese GWAS having 1.62 times 
more SNPs than the PGC4 EAS GWAS. In addition, of the 88 loci identified 
in the PGC4 EUR GWAS, 70 remained GWS in the trans-ancestry GWAS. 
Simulation analyses with Winner’s Curse correction56 demonstrated 
that the 18 non-replicated loci showed effect size patterns consistent 
with Winner’s Curse-induced overestimation in the initial GWAS rather 
than representing false-positive associations (Supplementary Table 8). 
This observation reflects the well-documented GWAS bias wherein sig-
nificant associations in discovery samples tend to have inflated effect 
sizes compared to their true values.

Although the current EAS GWAS remains modest compared to that 
of EUR cohorts, limiting the detection of population-specific signals, 
this work establishes a critical foundation for diversifying BD genetic 
research across global populations.
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Methods
Patients with BD and controls of Han Chinese ancestry
Each patient with BD was independently interviewed by both clinicians, 
and those diagnosed with the same Axis I disorder by both psychiatrists 
were recruited. All diagnoses were confirmed by a research psychia-
trist through an extensive clinical interview and a Structured Clinical 
Interview for DSM-IV Axis I Disorders, Patient Version (SCID-P). Patients 
were excluded if they were diagnosed with other psychiatric disorders 
or neurological disorders, were pregnant or were breastfeeding at the 
time of study. The control individuals were recruited from the Chinese 
mainland and were not specifically screened for psychiatric disorders 
by psychiatrists but had no current self-reported serious illnesses or 
disabilities or any personal or family history (including first-degree, 
second-degree and third-degree relatives) of psychiatric illness. This 
study protocol was approved by the institutional review board of Kun-
ming Institute of Zoology, Chinese Academy of Sciences, and the ethics 
committees of all participating units. All participants were volunteers 
and provided written informed consent before any study-related pro-
cedures were performed.

Quality control for GWAS data
The raw genotyping data of 603,033 autosomal SNPs across 12,085 
individuals (Ncase = 4,213, Ncontrol = 7,872) were obtained using an Illumina 
ASA chip (referred to as the ‘ASA sample’). Quality control analyses 
were performed at both the variant and individual levels using PLINK 
version 1.9 as described by Anderson et al.57,58 (Supplementary Note). 
Eventually, a total of 455,284 autosomal biallelic SNPs across 4,141 
cases (1,856 (44.83%) males and 2,285 (55.17%) females) and 7,831 con-
trols (4,322 (55.22%) males and 3,590 (44.78%) females) remained for 
genotype imputation.

In addition, raw genotyping data of 686,594 autosomal SNPs in an 
additional 7,747 individuals (Ncase = 1,087, Ncontrol = 6,660) were obtained 
using an Illumina GSA chip (referred to as the ‘GSA sample’). After qual-
ity control (Supplementary Note), a total of 369,456 autosomal biallelic 
SNPs in 1,023 cases (490 (47.90%) males and 533 (52.10%) females) 
and 5,629 controls (3,165 (56.22%) males and 2,464 (43.78%) females) 
remained for genotype imputation.

Genotype imputation
Following the prephasing/imputation stepwise approach, genotyped 
SNPs were prephased by SHAPEIT4 (ref. 59) and then imputed using 
IMPUTE5 (refs. 60,61) on the basis of Phase 3 of the 1000 Genomes 
Project reference set62. A final set of 8,136,260 autosomal biallelic SNPs 
across 1,023 cases and 5,629 controls (GSA sample), and 8,197,489 
autosomal biallelic SNPs across 4,141 cases and 7,831 controls (ASA 
sample), had INFO > 0.3, MAF > 1% and minor allele counts larger than 
10 in cases and had Hardy−Weinberg equilibrium (HWE) P > 1.00 × 10−5. 
These SNPs were subjected to subsequent association analyses.

Statistical analysis of the GWAS samples
In the Han Chinese GWAS, the additive logistic regression of BD diag-
nosis on the imputed hard-called genotypes was performed sepa-
rately on the ASA sample and the GSA sample using PLINK version 1.9,  
which involves sex and principal components associated with diag-
nostic status as covariates to adjust for population stratification. 
Summary statistics from different GWAS cohorts were combined for 
an inverse variance-weighted meta-analysis using PLINK version 1.9.  
A genome-wide significant locus was defined using the ‘--clump’ option 
in PLINK to report the region around a lead variant (P ≤ 5.00 × 10−8) with 
LD r2 < 0.1 within a 500-kb window58.

LDSC heritability estimation
LDSC (version 1.0.1) was used to estimate h2

SNP and assess potential pop-
ulation stratification within Han Chinese populations12. The precom-
puted LD scores for EAS in HapMap3 were downloaded from https://

data.broadinstitute.org/alkesgroup/LDSCORE/. Before LDSC analysis, 
we removed SNPs with A/T or G/C alleles across the whole genome as 
well as SNPs in the extended MHC region (hg19, chr6: 25−35 Mb). We 
assumed that the lifetime prevalence of BD was 0.02 (‘--pop-prev’ flag) 
to estimate h2

SNP on the liability scale.

Genetic correlations of BD with other phenotypes in EAS
LDSC (version 1.0.1) was applied to calculate genetic correlations 
between BD and other 39 phenotypes (Supplementary Note) within 
EAS using GWAS summary statistics14. We removed SNPs with A/T or 
G/C alleles across the whole genome as well as SNPs in the extended 
MHC region. Genotype information of EAS ancestry from the 1000 
Genomes Project62 was used as the reference panel.

Polygenic overlap analysis using MiXeR
To assess polygenic overlap between BD and genetically correlated 
traits in EAS, we used the bivariate causal mixture model implemented 
in MiXeR version 1.3 (ref. 18). Variants in the extended MHC region were 
removed, and the input GWAS summary statistics were preprocessed 
to calculate the z-score. The total number of variants with non-zero 
additive genetic effects was calculated for each trait based on the 
univariate Gaussian causal mixture model using a likelihood-based 
framework by MiXeR. The shared and unique polygenic components of 
trait pairs were plotted as Venn diagrams, and the Dice coefficient score 
(polygenic overlap measure on the 0−100% scale) was computed63. 
Genotype information of EAS ancestry from the 1000 Genomes Pro-
ject62 was used as a reference panel.

Cross-ancestry genetic effect comparison
Popcorn. The trans-ancestry genetic correlation between EAS GWAS 
and PGC4 EUR GWAS was estimated using Popcorn (version 1.0)19. The 
precomputed cross-population scores for EAS and EUR in the 1000 
Genomes Project were downloaded from https://www.dropbox.com/
sh/37n7drt7q4sjrzn/AAAa1HFeeRAE5M3YWG9Ac2Bta. SNPs with A/T 
or G/C alleles across the whole genome as well as SNPs in the extended 
MHC region were removed. The analysis was performed under all 
default values except one (--MAF 0.05). The trans-ancestry genetic 
effect correlation (ρge) and genetic impact correlation (ρgi) represented 
the genetic relationships between EAS BD and EUR BD.

PRS. PRS-CS version 1.1.0 (ref. 64) was used to infer posterior SNP 
effect estimates in the PGC4 GWAS training dataset through a 
high-dimensional Bayesian regression framework. The LD reference 
panel, which is based on UK Biobank data, was provided by PRS-CS 
developers (https://github.com/getian107/PRScs). We calculated the 
PRS for Han Chinese target samples (5,164 cases and 13,460 controls) 
on the basis of the PRS-CS estimated effects using the ‘--score’ function 
in PLINK version 1.9. The case−control status of the Han Chinese par-
ticipants was estimated through logistic regression analysis of z-score 
transformed polygenic scores. The analysis included the same covari-
ates as in the Han Chinese GWAS and was performed using the glm() 
function in R with family = binomial(logit). The variances explained by 
PRS (R2) in two samples were first converted to the Nagelkerke pseudo 
R2 using the fmsb package in R and then converted to the liability-scaled 
Nagelkerke pseudo R2, assuming that BD incidence ranged from 1% 
to 5%.

Allelic effect. To estimate the consistency of the effect for each locus, 
we conducted a Pearson s correlation test for OR values of PGC4 EUR 
GWS lead SNPs or their proxies between EAS and EUR GWASs.

FST. FST was used to evaluate the population differentiation due to 
genetic structure. We calculated the FST using the Weir and Cockerham 
approach65 with PLINK version 1.9 using genotypes of EUR (N = 503) and 
EAS (N = 504) individuals from the 1000 Genomes Project.
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Enrichment analysis
Genomic region enrichment. Gene regulatory element annotations 
for cCREs were derived from ENCODE cCREs version 3 (ref. 66) and the 
15-state ChromHMM model BED files from the Roadmap Epigenetics 
Project67. Genome-wide maps of TFBSs were obtained from Vorontsov 
et al.68, and the list of HARs was defined based on previous studies69–71. 
We used the clumping procedure in PLINK and assessed enrichment 
of BD risk loci with specific genomic element regions using the LOLA R 
package72. Significant enrichment was defined as Benjamini−Hochberg 
values less than 0.05.

Tissue and cell type enrichment. We used FUMA version 1.6.4 (ref. 26) 
to perform tissue expression enrichment analyses for trans-ancestry 
GWAS signals with default settings based on tissue-specific gene 
expression levels in GTEx version 8 (ref. 21).

Single-nuclei RNA sequencing data expression profiles were 
obtained from two BRAIN Cell Census (BICCN) studies22,23. Velmeshev 
et al.22 provided a comprehensive view of human cortical development 
across different developmental stages using a total of 709,372 nuclei 
and 169 brain tissue samples from 106 individuals. Another BICCN 
study sampled 3,369,219 nuclei from 105 different dissections of three 
postmortem brain donors23. We used the R packages MAGMA.Celltyp-
ing (version 2.0.11)73 and MungeSumstats (version 1.6.0)74 to test for 
enrichment of trans-ancestry GWAS associations within brain cell 
populations. The required CellTypeDataset (CTD) object formats of 
single-cell datasets were generated using the EWCE R package (version 
1.6.0)75 from the gene expression matrix and cell annotation metadata. 
For the cell type association method, the ‘Linear’ enrichment mode 
available in the celltype_associations_pipeline function was used.

Fine-mapping analysis
To identify putatively causal SNPs, we applied Polyfun + SuSiE24, a 
well-established framework to improve fine-mapping accuracy through 
leveraging functional annotations across the genome, to carry out 
fine-mapping analysis of GWS loci in the trans-ancestry GWAS. We con-
structed a customized LD panel based on the proportions of samples 
from different ancestries in the trans-ancestry GWAS (Neff_EAS = 34,808, 
Neff_EUR = 220,416, Ntotal = Neff_EAS + Neff_EUR). Sample-size-weighted LD matri-
ces (LDweighted) for each independent GWS locus were calculated, with 
the LD matrices based on EAS sample (LDEAS) and EUR sample (LDEUR) 
combined following the study by Wojcik et al.76.

LDweighted =
Neff_EAS
Ntotal

× LDEAS +
Neff_EUR
Ntotal

× LDEUR

The LDEAS matrices were generated based on 11,972 Han Chinese indi-
viduals genotyped using the ASA array in our study using PLINK version 
1.9 ‘–r square’. The LDEUR matrices, which were precomputed LD reference 
panels based on 337,000 unrelated British ancestry individuals from the 
UK Biobank, were downloaded from https://broad-alkesgroup-ukbb-ld.
s3.amazonaws.com/UKBB_LD/. LD matrices from the two populations 
were integrated on the premise that the included SNPs were the same and 
in the same order and had consistent reference alleles in both LD matrices. 
The independent GWS loci (defined by PLINK version 1.9 ‘--clump’ with 
LD r2 < 0.1 within a 500-kb window) were used as targeted regions, and 
the MHC locus was excluded owing to its complex LD structure. Within 
each GWS locus, we assigned each SNP a PIP score, and multiple SNPs 
with an ordered sum of PIP scores greater than 0.95 were considered a 
‘95% credible set’. Within each 95% credible set, a SNP with a PIP ≥ 0.50 
was defined as putatively causal (which means that there is no more than 
one putatively causal SNP within a single credible set), and the maximum 
number of 95% credible sets within each GWS locus was set to five.

Gene mapping for putatively causal SNPs
FUMA annotation. Putatively causal SNPs (PIP > 0.50 in the 95% cred-
ible set) were annotated to genes using the SNP2GENE module in 

FUMA version 1.6.4 (https://fuma.ctglab.nl/snp2gene)26. The anno-
tation considered both position-based mapping (10-kb maximum 
distance to genes) and promoter-anchored Hi-C loops (PsychENCODE 
resource77)-based mapping strategies. According to the positional 
mapping method, for SNPs mapped to multiple genes with overlapping 
locations, all genes remained.

SMR analysis. We implemented SMR version 1.0.3 to prioritize poten-
tially functional genes from the trans-ancestry GWAS risk loci through 
leveraging the BrainMeta version 2 cis-eQTL dataset (2,865 adult cortex 
transcriptomes) as our eQTL reference28. SMR tests for putatively 
causal or pleiotropic relationships between gene expression and BD 
via SNPs78 and infers whether variants account for LD through the 
heterogeneity in dependent instruments (HEIDI) test27. Putatively 
causal SNPs identified from fine-mapping analysis served as instru-
mental QTLs, with each SNP analyzed against all probes within a ±2-Mb 
window (using the –extract-target-snp-probe option) and the EUR 
Haplotype Reference Consortium LD reference panel. To distinguish 
true cis-regulatory effects from linkages, we applied stringent dual 
thresholds (FDRSMR < 0.05 for SMR significance and PHEIDI > 0.01 to 
exclude pleiotropic associations).

Genes were assigned discovery scores of 1 (highlighted by FUMA 
or SMR) or 2 (highlighted by both methods).

Additional validation approaches in credible gene 
prioritization
Given the polygenic architecture of BD and the potential for spuri-
ous associations in single-method analysis, we leveraged convergent 
evidence across seven approaches and employed a multidimensional 
gene-mapping strategy to validate genes prioritized by FUMA, SMR or 
both methods. Each supporting line of evidence was assigned a unitary 
weight, and genes with a total score (discovery + validation) over 4 were 
classified as high-confidence candidates, ensuring stringent prioriti-
zation while mitigating false positives inherent to any single method. 
Below, we briefly outline these seven additional analytical strategies.

Three-dimensional functional annotations. We annotated all the 
putatively causal SNPs with their spatially interacting genes in the 
3DSNP database (https://omic.tech/3dsnpv2/)29, an integrative plat-
form that incorporates multi-omics data, including single-molecule 
sequencing and single-cell assay for transposase-accessible chromatin 
using sequencing (ATAC−seq) profiles across diverse tissues and cell 
types, enabling identification of chromatin interactions between SNPs 
and their target genes.

Multi-tissue eQTL analyses. To characterize the neurobiological rel-
evance of putatively causal SNPs, we evaluated their eQTL regulatory 
potentials across distinct brain regions using GTEx version 8 (https://
www.gtexportal.org/)21. Given that BD risk variants may exhibit regula-
tory effects across varied regions in the brain, we analyzed eQTL asso-
ciations across 13 brain regions in GTEx, and SNP−gene correlations 
showing consistent significance in at least two tissues (FDR < 0.05) 
were considered reliable.

Nearest gene mapping of the lead SNP. We mapped the lead SNPs in 
the GWS locus to nearest genes using the SNP2GENE module in FUMA 
version 1.6.4 (ref. 26). This approach assumes that the nearest gene to 
a GWS lead SNP is often a candidate of credible genes33,79,80 and, hence, 
factors in the possibility that the lead SNP of a locus was not highlighted 
in the fine-mapping analyses. We implemented a 10-kb window cri-
terion for gene assignment, capturing both intragenic variants and 
potential cis-regulatory elements in proximal intergenic regions. For 
SNPs mapping to multiple genes within this window (for example, in 
gene-dense regions), all assigned genes were retained, as complex 
regulatory interactions may span multiple adjacent genes in GWS loci.
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TWAS. TWAS leverages eQTL datasets and trains a multivariate model 
that considers multiple cis-SNPs to impute gene expression, thereby 
complementing the reliance of SMR on a single putatively causal 
SNP81. For TWAS analysis, we employed FUSION software30, which uses 
cortex-derived predictive weights from the PsychENCODE Consortium 
(N = 1,321 individuals)34. Predictive models (GBLUP, LASSO, Elastic 
Net, BSLMM and TOP1) were evaluated via five-fold cross-validation, 
with the top-performing model selected based on predictive accu-
racy30. The significance thresholds were adjusted for multiple testing 
(PTWAS < 1.00 × 10−5) to ensure robust associations.

Co-localization. Co-localization analysis examines whether two traits 
share the same causal variants at a locus82. By evaluating association sig-
nals across all SNPs in a locus, co-localization detects shared causal vari-
ants potentially missed by SMR83. We, hence, applied co-localization 
to assess whether BD risk loci harbored shared causal variants with 
regulatory effects on gene expression using the COLOC R package 
(version 5.2.3)84 implemented in FUSION30, leveraging PsychENCODE 
cortex-derived eQTLs34 as molecular QTLs. Genes meeting a TWAS 
significance threshold (PTWAS < 0.05) were subjected to co-localization, 
with a posterior probability (PP4) > 0.5 considered evidence of 
credible co-localization.

Gene-based MAGMA. To complement SNP-based analyses, we per-
formed gene-based association testing using MAGMA version 1.10 (ref. 
32). This approach aggregates SNP-level GWAS signals at the gene level 
while accounting for LD through Brown’s method, thereby increasing 
sensitivity to detect polygenic effects where multiple weakly associ-
ated SNPs collectively implicate a gene. We defined gene boundaries 
with 35-kb upstream and 10-kb downstream windows to capture both 
coding regions and potential regulatory elements. The conservative 
significance threshold (PMAGMA < 2.71 × 10−6) controlling for multiple 
testing was determined.

PoPS gene analysis. We implemented the similarity-based PoPS 
method33, which integrates multidimensional evidence, including (1) 
GWAS association signals, (2) pathway enrichment patterns, (3) spati-
otemporal gene expression profiles and (4) protein−protein interaction 
networks. This approach simultaneously considers both statistical asso-
ciations and biological coherence and, thereby, addresses the ‘missing 
specificity’ problem of GWAS by leveraging the polygenic convergence 
hypothesis that true risk genes likely share functional characteristics 
and participate in coherent biological processes. We designated genes 
ranked in the top 5% of PoPS scores as high-confidence candidates, as 
this threshold optimally balances discovery power with specificity in 
simulations of complex trait architectures33.

Differential expression analyses of credible genes between 
patients with BD and controls
We examined the mRNA expression alterations of credible genes 
in the postmortem cortex tissue data of the PsychENCODE data-
set, which includes data from 222 patients with BD and 936 healthy 
controls34. Linear regression was conducted for differential 
expression analysis by adjusting known biological, technical and 
surrogate variables.

We also leveraged the human postmortem dorsolateral prefron-
tal cortex (DLPFC) resource from a single-cell multi-omics study by 
the PsychENCODE Consortium35. The cell-type-specific differentially 
expressed genes between 34 patients with BD and 130 controls of EUR 
ancestry were downloaded from BrainSCOPE https://brainscope.
gersteinlab.org/output-DEG.html. We examined whether the 39 cred-
ible genes presented differential expression levels in patients with BD 
in different types of cells (excitatory neurons: L2/3 IT, L4 IT, L5 IT, L6 
IT, L6 IT Car3, L5 ET, L5/6 NP, L6b and L6 CT; inhibitory neurons: SST, 
SST CHODL, PVALB, Chandelier, LMAP5 LHX6, LAMP5, VIP and PAX6; 

and non-neuronal cell types: Astro, Oligo, OPC and Micro; detailed 
information of these cell types was included in the original report35).

Functional interpretation of credible genes
MGI knockout mice phenotype. The functional consequences of 
the 39 BD credible genes in knockout mice were searched in the MGI 
(https://www.informatics.jax.org/) database. Phenotypes under the 
Mammalian Phenotype term ‘behavior/neurological phenotype’ 
(MP:0005386) were included in our annotation. We categorized the 
behavioral abnormalities according to the classification of MGI. The 
‘Cognition’, ‘Emotion’, ‘Activity’ and ‘Social’ sections correspond to 
‘abnormal cognition’ (MP:0014114), ‘abnormal emotion/affect behav-
ior’ (MP:0002572), ‘abnormal motor capabilities/coordination/move-
ment’ (MP:0002066) and ‘abnormal social/conspecific interaction 
behavior’ (MP:0002557).

SynGO. The roles of the 39 BD credible genes in cellular component 
and biological processes related to synapses were annotated using the 
SynGO version 1.2 web interface (https://www.syngoportal.org/)36.

Drug target analyses. We examined the drug−gene interactions for 
the 39 BD credible genes in DGIdb 5.0 (https://dgidb.org/api)37, which 
includes data mined from DrugBank, PharmGKB, ChEMBL, Drug Tar-
get Commons and others. The drug target enrichment for the 39 BD 
credible genes was analyzed through a hypergeometric test with the 
phyper() function in R (1,103 drugs with at least 10 target genes were 
included). The druggability was evaluated using the Open Targets web 
interface (https://platform.opentargets.org/). The druggable genes 
were predicted on the basis of the ‘small molecule’ modality in trac-
tability assessment with any one of the labels (‘Structure with Ligand’, 
‘High-Quality Ligand’, ‘High-Quality Pocket’, ‘Med-Quality Pocket’, 
‘Druggable Family’ and ‘Phase 1 Clinical’) labeled ‘TRUE’.

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

Data availability
The genome-wide summary statistics of BD PGC4 GWAS are available via 
figshare at https://doi.org/10.6084/m9.figshare.27216117.v2 (ref. 85).  
The SNP expression weights of PsychENCODE used in this study are 
available at http://resource.psychencode.org/. The PsychENCODE 
cis-eQTL data and the BrainMeta version 2 cis-eQTL data are available 
via the BrainMeta portal at https://yanglab.westlake.edu.cn/software/
smr/#DataResource. The cell-type-specific gene expression matrices 
from two BICCN studies29,30 for enrichment analysis were downloaded 
from the CELLxGENE database at https://cellxgene.cziscience.com/
collections/bacccb91-066d-4453-b70e-59de0b4598cd and https://
cellxgene.cziscience.com/collections/283d65eb-dd53-496d-adb7-
7570c7caa443 separately. The summary statistics of BD cross-ancestry 
meta-analysis are publicly available on the Scientific Data Center of the 
Kunming Institute of Zoology (https://datacenter.kiz.ac.cn/Home/
DataContent?data_gd=4c22800a-d798-169c-7184-430976572334). 
According to the related policy of the Ministry of Science and Technol-
ogy of the People’s Republic of China, depositing genetic data (includ-
ing the summary statistics) of Chinese populations in a third-party 
website (without application) is not allowed before approval; alter-
natively, GWAS summary statistics in Chinese populations can be 
requested from the China National Genomics Data Center (https://
ngdc.cncb.ac.cn/gvm/), with data accession number GVP000051.

Code availability
No custom code was developed for this study. All software and tools 
used for the analyses presented are publicly available and referenced 
within the respective sections in Methods of the article.
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genetic correlation analyses. 
 
Post-GWAS analysis: 
LOLA R package, MAGMA v1.10 (https://ctg.cncr.nl/software/magma), MAGMA_Celltyping R package v2.0.11 (https://github.com/
neurogenomics/MAGMA_Celltyping) and EWCE R package v1.6.0 (https://github.com/NathanSkene/EWCE) were used for enrichment 
analyses;  
FUMA v1.6.4 (https://fuma.ctglab.nl/) was used for SNP-to-GENE annotation; 
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SMR v1.0.3 (https://yanglab.westlake.edu.cn/software/smr/#Overview), MAGMA v1.10 (https://ctg.cncr.nl/software/magma), Polyfun 
(https://github.com/omerwe/polyfun), PoPS (https://github.com/FinucaneLab/pops), FUSION (https://github.com/gusevlab/fusion_twas) and 
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ancestry meta-analysis is publicly available on the Scientific Data Center of Kunming Institute of Zoology (https://datacenter.kiz.ac.cn/Home/DataContent?
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Reporting on sex and gender Findings in our study were not sex-specific and we included both males (52.8%) and females (47.2%) in our cohort. Self-
reporting gender was recorded upon recruitment of both cases and controls and the biological sex was also determined by 
homozygosity rate across all X-chromosome SNPs. The biological sex info was included in the subsequent logistic regression 
model as a covariate.

Reporting on race, ethnicity, or 
other socially relevant 
groupings

In our study, the primary socially constructed categorization variable used is ethnicity, specifically focusing on the Han 
Chinese population. The focus on the Han Chinese population is driven by the significant lack of BD GWAS in Chinese 
population despite the large number of affected individuals. The samples were collected from public hospitals across various 
provinces in China. We ensured that our sampling did not target any specific socioeconomic group or demographic segment. 
Since public hospitals serve a wide demographic, our sample is representative of the general population and does not exhibit 
bias towards any particular socioeconomic status.

Population characteristics We collected 5,164 cases and 13,460 controls of Han Chinese origin.Genomic DNA was extracted from the peripheral blood 
leukocytes or saliva of the participants. Individuals were genotyped using the Illumina Genome-Wide Asian Screening Array 
(ASA) Chip or the Illumina Infinium Global Screening Array (GSA) Chip. There are 45.43% males + 54.56% females in 5,164 BD 
patients and 55.6% males + 44.4% females in 13,460 healthy controls. The average age of cases and controls in our Han 
Chinese cohort were 33.12±11.28 and 27.70±6.3 years, respectively. The population characteristics details for the included 
public GWAS studies have been described in the original GWAS publications and no changes due to additional inclusion or 
exclusion criteria have been imposed.

Recruitment All BD patients signed up for the study at their local mental health centers and psychiatric departments of general hospitals in 
multiple provinces (Yunnan, Jiangsu, Shanghai, Shandong, Henan, Zhejiang, Hubei, Hunan etc.) of Chinese mainland. Patients 
were diagnosed with BD by one chief psychiatrist and one attending psychiatrist. Each BD patient was independently 
interviewed by both clinicians, and those diagnosed with the same Axis I disorder by both psychiatrists were recruited. All 
diagnoses were confirmed by a research psychiatrist through an Extensive Clinical Interview and a Structured Clinical 
Interview for DSM-IV Axis I Disorders, Patient Version (SCID-P). Cases were excluded if they were diagnosed with other 
psychiatric disorders or neurological disorders, being pregnant, or breast-feeding at the time of study. The control subjects 
were recruited from Chinese mainland, and were not specially screened for psychiatric disorders by psychiatrists but had no 
current self-reported serious illnesses or disabilities, or any personal or family histories (including first-, second- and third-
degree relatives) of psychiatric illnesses.

Ethics oversight The study protocol of BD GWAS was approved by the Institutional Review Board of Kunming Institute of Zoology, Chinese 
Academy of Sciences, and ethics committees of all participating hospitals and universities.

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



3

nature portfolio  |  reporting sum
m

ary
April 2023

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size For Han Chinese BD GWAS, sample size (Ncase = 5,164, Ncontrol = 13,460) was not predetermined but reflected our best efforts to collect all 
available BD patients and healthy controls in Han Chinese population, which is also the largest-to-date GWAS cohort in this population. For 
the EAS GWAS, we integrated the largest EAS BD GWAS from PGC4 (Ncase = 4,479, Ncontrol = 75,725) reaching a doubled sample size 
including 9,643 BD cases and 89,185 controls. For the trans-ancestry meta-analysis, we integrated data from the largest EUR BD GWAS (Ncase 
= 59,287, Ncontrol = 781,022) reaching a final sample size including 68,930 BD cases and 870,207 controls. For public datasets (eQTL, scRNA-
seq) used in the post-GWAS analyses, we used the largest and most credible publicly available datasets appropriate for our study.

Data exclusions In Han Chinese BD GWAS, the exclusion thresholds for subjects were: (1) inconsistent sex information estimated by the homozygosity rate 
across all X-chromosome SNPs;  (2) a genotyping missing rate exceeding 3% or heterozygosity rates over 6 s.d.; (3) duplicates and relatives 
(IBD, identity by decent) > 0.1875; (4) On the basis of visual inspection of plots of principal component 1 (PC1) and principal component 2 
(PC2) for each dataset, we excluded obvious outliers to obtain more homogeneous datasets based on the principal component analysis (PCA). 
SNPs with a call rate < 95%, a minor allele frequency (MAF) < 1%, deviation from Hardy-Weinberg equilibrium (HWE) P < 1e–5 in all samples, 
or with significantly different missing genotype rates between cases and controls were excluded from further analyses.

Replication We included all samples in the primary analysis to maximize statistical power. No replication samples were available.

Randomization No randomization was conducted. In this large-scale genetics study, randomness is achieved by the nature of how alleles are distributed in the 
population. 

Blinding No blinding was carried out. The nature of the study is in of itself blind to study recruiters. No one would beforehand know the genotype of 
recruited participants.

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
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Animals and other organisms
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Dual use research of concern

Plants

Methods
n/a Involved in the study
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Flow cytometry

MRI-based neuroimaging

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.

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.

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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