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Environmental differences in genetic effect sizes, namely, gene-environment
interactions, may uncover the genetic encoding of phenotypic plasticity’. We provide
across-population atlas of gene-environment interactions comprising 440,210
individuals from European and Japanese populations, with replicationin 539,794
individuals from diverse populations. By decomposing the contributions from age,
sex and lifestyles, we delineate the aetiology of these gene-environmentinteractions,
including areverse-causality from a disease-related dietary change. Genome-wide
analyses uncovered missing heritability and trait-trait relationships connected by

the synergistic effects of genome and environments, which systematically affected
polygenic prediction accuracy and cross-population portability. Single-cell projection
revealed aging shift of pathways and cell types responsible for genetic regulation.
Omics-level gene-environment analyses identified multiple sex-discordant genetic
effectsin lipid metabolism, informing clinical trial failures for genetically supported
drug development. Our comprehensive gene-environment study decodes the
dynamics of genetic associations, offering insights into complex trait biology,
personalized medicine and drug development.

There hasbeengreat successin human genetics—particularly genome-
wide association studies (GWAS)—atrevealing disease pathophysiol-
ogy and complex traits biology*. Genetic association mapping on
multi-omics layers has covered proteomics®, metabolomics® and
single-cell RNA sequencing (scRNA-seq)’, providing granular insights
into trait-associated genetic loci. However, such efforts focus on fixed
genetic effects (more precisely, marginal effects), oversimplifying the
intrinsic complexity of trait biology'. Essentially, human phenotypes
show dramatic changes in response to multifactorial environmental
exposures, including sex, senescence and lifestyle. Inter-individual
heterogeneity in responses to environments has been shaped by
genetic adaptation®® and affects present disease risks? and drug effi-
cacy'™. Genetically, this phenotypic plasticity manifests as changes
ingenetic effect sizes across environmental factors (or, equivalently,
changes in environmental effects across genotypes), namely, gene-
environment (GxE) interactions? (Fig. 1a). GxE interactions capture
dynamic changes in genetic effects, unveiling the genetic regulation
of phenotypic plasticity. In some traits, GXE interaction studies have
begun to explain phenotypic variation not captured by marginal
effects (that is, missing heritability) and disparities in polygenic risk
prediction™. Therefore, identifying GXE interactions may contribute

to mitigating health disparities and implementing personalized medi-
cine precisely'.

Nevertheless, after decades of effort?, there is a limited number of
established GxE interactions in humans®, and their biological interpre-
tation remains underestablished™. Past studies have suffered from low
replication rates™ due to low statistical power”, heavy multiple-testing
burdens', arbitrary filtering of genetic variants® and, in some cases,
imprecise statistical testing®. GxE interactions have been studied at
scale only for limited traits and environments, primarily in European
populations®. Therefore, aglobal overview of GXE interactions across
phenotypes, environments and populations remains unknown.

Here, using the recent advent of population-scale biobanks*
and computationally efficient methods?, we conducted parallel
genome-wide GXE interaction studies using UK Biobank (UKB) and
BiobankJapan (BBJ) to provide a cross-population atlas of GXE interac-
tions. We validated the identified GXE interactions in four independ-
ent cohorts with diverse populations, annotated the environmental
contributors and assessed their impacts on heritability, polygenic
predictionaccuracy and responsible cell types. Multi-omics GXE analy-
ses provided molecular insights into clinical GXE interactions. These
multi-resolution analyses demonstrated that GxE interactions have
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Fig.1| A cross-population atlas of GXE interactions. a, A schematic of gene-
environment (GxE) interactions. b, Overview of the cohorts. EUR, European;
AFR, African; AMR, American; EAS East Asian. ¢, Circular plot of genome-wide
significant GxE interactions in UKB, estimated using two-sided linear regression
for quantitative traits and Firth logistic regression for dichotomous traits. Dot
sizesrepresent replication Pvaluesin UKB2 and BBJ2. Pleiotropiclociare
indicated by lines, with the nearest genes to the lead variants. d, Numbers

of genome-wide significantloci per traitin UKB. Bar colours represent trait
categories; the colour intensity indicates the types of pleiotropy.e,f,Asind (e)

pivotal roles in regulating dynamic phenotypic plasticity, informing
personalized phenotype prediction and drug development.

GxEinteractionsinindividual biobanks

Toreliably detect GxE interactions, we divided UKB and BBJ into discov-
eryandreplication cohorts (UKBI, N, = 273,453; UKB2, N,,,,, = 38,149;
BBJ1, N,.x =166,757; BBJ2, N,,,., = 65,373) (Fig. 1b and Supplementary
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and c (f), for BBJ (see Supplementary Table1for the sample sizes usedin c-f).
AST, aspartate aminotransferase; ALT, alanine aminotransferase; BC, red blood
cell; BS, blood sugar; CAD, coronary artery disease; CRP, C-reactive protein;
Eosino, eosinophils; Hb, haemoglobin; Ht, haematocrit; Lymph, lymphocytes;
MCH, mean corpuscular haemoglobin; MCHC, mean corpuscular haemoglobin
concentration; MCV, mean corpuscular volume; P, phosphate (UKB)/inorganic
phosphorus (BBJ); Plt, platelets; PP, pulse pressure; sCr, serum creatinine;

T2D, type 2 diabetes; T.Bil, total bilirubin; TC, total cholesterol; TG, triglycerides;
TP, total protein; UA, uric acid.

Table 1). Targeting 38 biomarkers and 9 diseases, which spanned 10
categories (anthropometric, metabolic, proteins, kidney-related, elec-
trolytes, liver-related, inflammatory, haematological, blood pressure
and diseases), GxE interactions were tested for nine environmental
factors individually and jointly, with P values aggregated per vari-
ant on the Cauchy distribution to assess genome-wide significance
(Extended Data Fig. 1and Supplementary Tables 2 and 3). The envi-
ronmental factorsincluded age, sex, ever-drinking, ever-smoking and
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current-smoking, and four clusters for diet and physical activity derived
from questionnaire data (Extended Data Fig. 2 and Supplementary
Table 4).

InUKBI, weidentified 64 genome-wide significant GXE interactions at
451locispanningall trait categories (Pg.; < 5.0 x 108), with 3linteractions
at23lociremaining after Bonferronicorrection (P, < 5.3 x 107), indi-
cating that GxE interactions were widespread in human complex traits
(Fig.1c,d and Supplementary Tables 5 and 6). These included known
interactions, GxCurrent-smoking at the HYKK locus for body massindex
(BMI)**, GxAge at the UMOD locus for estimated glomerular filtration
rate (eGFR)*, and GxE at the FTOlocus for BMI driven by multiple envi-
ronments such as physical activity, diet, age, drinking and smoking?,
empirically validating our results. The remaining interactions—based
onour curation of GWAS Catalog”—were not reported at Pg,; < 5.0 x 107
(Supplementary Note 2 and Supplementary Table 7). Intotal, 16 loci over-
lapped withrecent UKB GxE reports using different protocols™? (Sup-
plementary Note 3and Supplementary Table 8). We observed pleiotropy
at13loci(10intra-and 3 inter-categorical), with 2 inter-categorical loci
showing distinct significant variants across trait categories (Extended
DataFig. 3), suggesting trait-category specificity of GXE pleiotropy in
contrast to the broader pleiotropy of marginal effects®.

InBBJ1, 36 significant GXE interactions were detected across 15 loci
(26 across 8loci after Bonferronicorrection) (Fig.1e,f and Supplemen-
tary Table 6). These included the well-established locus in the Euro-
pean population, that is, the FTO locus for BMI, which we confirmed
in the East Asian population (driven by GxAge and GxEver-drinking).
Other loci with Pg,; < 5.0 x10~® have not been reported in the GWAS
Catalog, emphasizingtheimportance of studying GxE interactionsin
non-European populations. Notably, 58% (21 out of 36) of GxE interac-
tions were at the ALDH2 locus, which harbours an East-Asian-specific
missense variant (rs671) with a strong dominant effect on alcohol
metabolism®, consistent with its high pleiotropy for GWAS®.

Inflation was minimal in both cohorts (Supplementary Table 5), and
the results were robust to phenotype normalization (Supplementary
Table 9). A stepwise variable selection approachrevealed that amean of
2.4 environments contributed to GxE interactions (range = 1-7; Supple-
mentary Table 6), supporting our approach of testing GxE interactions
bothindividually andjointly across environments. In 91% (10 out of 11)
oftheintra-categorical pleiotropicloci, atleast one shared environment
contributed toall traits, suggesting that the combinations of trait cat-
egories and environments were major determinants of GXE pleiotropy.

Replication within populations

Ofthe 64 GxEinteractionsin UKB1, 23 were nominally replicated in UKB2
(Pg.£ < 0.05), and 6 remained significant after Bonferroni correction
(Fig.1cand Supplementary Table 6). In BBJ, 28 out of 36 GxE interactions
were nominally replicated, and 19 were significant in BBJ2 (Fig. 1f and
Supplementary Table 6). These included a GxEver-drinking interaction
atthe ALDH2locus for haemoglobin in BBJ1 (Pg. = 2.2 X 107; Pyyargina =
1.7 x107%), replicated in BBJ2 (Pg.¢ = 2.9 X 107%; Prarginal = 8.9 X 107%), high-
lighting context-specific effects that would be missed by marginal
genetic tests. The same locus also showed a significantly replicated
GxEver-drinking interaction for type 2 diabetes (Pg,; =4.8 x10™in
BBJ1and1.2 x10"¢in BBJ2). Thisinteraction remained significant after
adjusting for haemoglobin (P, = 8.1 x 10 in BBJ1), suggesting minimal
mediation by haemoglobin. For replication, we stringently required
consistent environments and effect directions; failure in either was
deemed non-replicated, regardless of Pvalues. Replication rates were
comparable with those in GWAS, supporting the robustness of our
findings (Supplementary Note 4).

We further tested replicationinindependent cohorts: the European
populationin All of Us (N,,,, = 208,700) and the East Asian population
intwoJapanese cohorts: (1) the Japan Multi-Institutional Collaborative
Cohort-Hospital-based Epidemiologic Research Program at Aichi
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Cancer Center (J-MICC/HERPACC) (N,., =70,909), and (2) the Japan
Public Health Center-Based Prospective Study (JPHC) (N,,,,=10,904)
(Supplementary Table 10). Despite differences in lifestyle question-
naires, dietary clusters (for example, Japanese cuisine (Washoku)’inall
Japanese cohorts, and ‘meat and cheese’ in UKB1and JPHC) were con-
sistently recovered across cohorts, supporting the robustness of our
clustering approach (Extended DataFig. 4). Bonferronireplicationrates
were 27% in All of Us (17 out of 64 trait-locus pairs) and 56% inJ-MICC/
HERPACC (20 out of 36; Extended Data Fig. 5a,b and Supplementary
Table11). Notably, the pleiotropic GXE interactions at the ALDH2locus
were replicated at 81% (17 out of 21) in ]-MICC/HERPACC, with six also
replicated in JPHC despite its smaller sample size.

Collectively, our approach using cross-population biobank resources
thoroughly detected and validated GxE interactions across diverse trait
categories and environments.

Cross-population consistency

Combining UKB and BBJ results yielded 94 trait-locus pairs across 54
loci. Six lociwere shared between biobanks (40% of BBJ1loci; Fig. 1c,f),
ofteninvolving essential (‘core’) genes for the target phenotypes. For
example, ALPL for alkaline phosphatase (ALP) was commonly driven
by GxSex, GGTIfory-glutamyl transpeptidase (GGT) by GxSex, GxAge
and GxEver-smoking, and UMOD for eGFR by GxAge (Extended Data
Fig. 5c—f).

To assess cross-population sharing more broadly, we examined rep-
licationin the other population’s discovery cohort. After excluding the
ALDH2locus (rs671) to avoid introducing bias due to its well-known
East Asian specificity, 22 out of 73 interactions were nominally
(and nine significantly) replicated (Pg.¢ < 6.8 x107*). The conserva-
tive signal-sharing estimate (Storey’s 1;; ref. 31) was 0.41, indicating
moderate consistency of GXE interactions across populations. The
cross-population-replicated loci included three that were originally
from UKB1: GxAge at the APOE locus for total cholesterol; GxSex at the
ABCG2locus for urate; and GxSex and GxPhysical-activity at the SURF6
locus for ALP (P.,;=5.7x107*,3.1x10°and 1.5 x10™*in BBJ1, respec-
tively). These shared GxE interactions suggested that cross-population
meta-analyses would be beneficial. Indeed, we detected one additional
GxEinteraction through a meta-analysis across BBJ and UKB (Supple-
mentary Note 5 and Supplementary Table 12).

Minor allele frequencies of the lead variants tended to be higher in
the population where the GXE interactions were detected (Extended
DataFig. 5g). Population specificity (thatis, dietary environments) and
differing distributions of environments probably also contributed to
the population-specific GXE detection (Extended Data Fig. 5h).

We further evaluated replication in the African and American pop-
ulations in All of Us (N, = 70,558 and 66,556, respectively) and the
Israeli populationinthe Human Phenotype Project (HPP; N, = 8,645).
Three GxE interactions were significantly replicated in the African
population—two of which overlapped with UKB1-BBJ1 shared loci
(Extended Data Fig. 5a and Supplementary Table 13). In the American
population, two GxE interactions for pulse pressure—primarily driven
by GxAge—were significantly replicated. Although no GxE interaction
reached ssignificance inthelsraeli population, possibly due toits small
samplesize, the top signal aligned with a UKB1-BBJ1shared interaction.
These findings demonstrated both shared and population-specific
GxE interactions. Subsampling analyses revealed that detecting GXE
interactions required biobank-scale sample sizes, and detected loci
were not saturated (Extended DataFig. 5i), encouraging future global
collaboration to thoroughly capture worldwide GxE interactions.

Environments contributing to GxE

Gene-environment interactions can enhance locus interpretation by
revealing context-specific genetic associations. In UKB1, diet-related
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environments contributed to five GXE interactions—all of which are
atleast nominally replicated. These included the ABCG2locus, where
association with eGFR was specific to non-consumers of ‘meat and
cheese’ (Pg. =1.5x10™; Fig. 2a,b). Raw questionnaire data confirmed
that low meat consumption unmasked the genetic effect (Extended
Data Fig. 6). As ABCG2 encodes a primarily intestinal urate exporter®
and urateisthe end-product of purine metabolism, high purine intake
from meat may obscure the genetic effect.

InBBJ1, although ALDH2 primarily affects alcohol metabolism, mul-
tiple environments contributed to the pleiotropic GxE interactions at
the ALDH2 locus after adjusting for GxDrinking interactions (Supple-
mentary Note 6 and Supplementary Table 14). Stratified analysisin ever-
and never-drinkers revealed that 12 of 19 biomarkers showed strong
non-additive effectsin ever-drinkers (P, ,.aqdicve < 5-0 X 1078; Fig. 2cand
Supplementary Table 15), consistent with the dominant deleterious
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monitoring of PT-INR is required during warfarin therapy. i, Odds ratios of
rs72900155 (the PITX2locus) for arrhythmia stratified the natto intake frequency.
N=109,642 and 49,116 for natto-consuming and non-consuming participantsin
BBJ1,and N=44,954 and 18,155 for those in BBJ2, respectively. Data are presented
asestimated values with 95% confidence intervals (Firth logistic regression).
j.Heatmap of theatrialfibrillation or flutter prevalence in BBJ2, stratified by
warfarinand DOAC medication.

effect on alcohol metabolism of the lead variant (rs671). Four hae-
matopoietic traits showed purely additive effects in never-drinkers
(red blood cells, haemoglobin, haematocrit and white blood cells;
P udicive < 5.0 X 1078 and P,o.aadicive > 0-05; Fig. 2d), opposite to the func-
tional role andinheritance pattern of rs671. These effects were all repli-
catedin BBJ2 (P,ygirve < 0.05/19 = 2.6 x 102 and P,o,.aqdicive > 0-05). Given the
long-range linkage disequilibrium (-2.44 Mb) with signs of recent selec-
tion® at this locus, other causal variants or genes may underlie these
haematopoietic associations. The region harbours haematopoiesis-
related genes (for example, SH2B3 and PTPN1I), whose roles in
common-variant genetics warrant further investigation. To facilitate
future research, we applied a deep learning model to prioritize variant-
gene pairs with potential regulatory effects (Supplementary Note 7 and
Supplementary Table 16). These locitogether demonstrated the utility
of GxE interactions for gaining biological insights into genetic loci.
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Areverse-causal GXE interaction

In BBJ1, the PITX2locus for arrhythmia showed a GxE interaction pri-
marily driven by natto (fermented soybean) intake (P, =2.8 x107%;
P, =2.1x107° when testing GxNatto alone; Extended Data Fig. 7).
Thelead variant, rs72900155, has been reported to be associated with
atrial fibrillation??—a subgroup of arrhythmia. Clinically, warfarin,
along-standing anticoagulant, may link natto and atrial fibrillation.
As vitamin K in natto reduces the anticoagulation effect of warfarin,
patients onwarfarinare advised toavoid it (Fig. 2e). In BBJ1, the arrhyth-
mia prevalence was markedly high in the homozygous carriers of natto
non-consumers (Fig. 2f), and this pattern was primarily driven by atrial
fibrillation or atrial flutter, for which warfarin was the sole first-line
anticoagulant before the launch of direct oral anticoagulants (DOACs)
(Fig. 2g). In this subgroup, natto intake declined markedly after war-
farin initiation in the same individuals (Fig. 2h), suggesting that this
GxE interaction was driven by reverse causality from the disease to
the environment.

The marginal effect size of rs72900155 was substantially larger for
atrial fibrillation or flutter than for the other subgroups (0.49 (95% CI,
0.46-0.52) versus 0.13 (0.10-0.15)). Owing to this effect size heteroge-
neity, the overall effect size for arrhythmiawould vary with the propor-
tion of atrial fibrillation or flutter patients across natto intake strata,
explaining the link between the reverse causality and the GxNatto
interaction. Consistently, the GxNatto interaction was not significant
in either subgroup when evaluated separately (P, = 0.84 for atrial
fibrillation or flutter; 2.6 x 10~ for the other subgroups).

This GxEinteraction was not replicated in BBJ2 (P, = 0.40; Fig. 2i).
Notably, thisreplication failure might be reasonable as BBJ1 participants
were recruited from 2003 to 2008, whereas most BBJ2 participants
(84.9%) were recruited from 2013 to 2017, and between these peri-
ods, DOACs replaced warfarin in more than half of atrial fibrillation
patientsinjJapan*. As DOACs do not require natto restriction (Fig. 2e),
the atrial fibrillation or flutter patients taking DOACs in BBJ2 did not
showincreased natto avoidance (Fig. 2j).

In summary, we identified the GxE interaction driven by reverse
causality. Although machine-learning-based locus interpretation is
increasingly investigated®, these results indicate that this technology
isnotreadily applicable to GxE interactions, and careful interpretation
by specialists is necessary to disentangle their causal mechanisms.

To evaluate causal directions at other loci, we leveraged repeat bio-
marker measurements to sort out temporal ordering from environ-
ments to phenotypes, and performed time-to-event Cox analyses for
disease onset and overall survival (Supplementary Note 8 and Supple-
mentary Tables17 and 18). We identified a significant GXE interaction
for overallsurvival at the ALDH2locus driven by interactions with sex,
ever-drinkingand age (P=1.7 x10™"), suggesting potential GxE effects
on human lifespan.

Pleiotropic GxE effects on diseases

We conducted phenome-wide GxE interaction analyses to assess plei-
otropy on diseases (Supplementary Table 19). In UKB1, we detected
one additional GxE interaction at the APOE locus for dyslipidae-
mia primarily driven by GxSex (P, = 3.8 x 107; false discovery rate
(FDR) < 0.05), consistent with the GxE interactions in the main analy-
ses for cholesterol biomarkers (total cholesterol, triglycerides and
low-density lipoprotein cholesterol (LDL-C); Extended Data Fig. 8 and
Supplementary Table 20). In BBJ1, 11 GXE interactions were also sig-
nificant. The ALDH2locus exhibited widespread GxE pleiotropy across
diseases, including the established GxDrinkinginteraction for oesopha-
geal cancer®. We also observed a GxAge interaction at the HLA-DQBI
locus for rheumatoid arthritis (Pg. =1.2 x107°), originally detected
for asthma in BBJ1 and immune cells in UKB1 (lymphocytes, eosino-
cytes and white blood cells), suggesting shared GxE effects across
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immune phenotypes. These results showed that the GxEinteractions for
clinical biomarkers also affected disease statuses through pleiotropy.

Genome-wide heritability

We estimated GxE heritability to evaluate consistency across popula-
tions at the genome-wide level®. Evaluating individual environments,
14 and 12 trait-environment pairs were significant in UKB1 and BBJ1,
respectively (FDR < 0.05; Supplementary Table 21), although statisti-
cal power was limited by multiple testing burden. When aggregating
across environments, GXE heritability was significantly positive for
seven traits in UKB1 and 11 traits in BBJ1, including four overlapping
traits: height, BMI, high-density lipoprotein cholesterol (HDL-C) and
diastolic blood pressure (DBP) (Fig. 3a-c). GXE-to-marginal heritability
ratiowas muchlarger for BMI than height (0.100 (95% Cl, 0.057-0.142)
versus 0.028 (0.007-0.048) in UKB1; 0.245(0.130-0.360) versus 0.062
(0.009-0.115) in BBJ1), replicating a previous report in the European
population®and suggesting a shared GxE architecture across popula-
tions for the anthropometric traits. Other traits with significant GXE
heritability showed ratios ranging from 0.03 to 0.52, indicating hetero-
geneity in GXE contributions across traits (Supplementary Table 21).
Notably, GxE heritability across quantitative traits was significantly
correlated between biobanks (Spearman’s p = 0.41, P= 0.011; Fig. 3d),
suggesting moderately concordant GXE contributions across popula-
tions.

We next estimated the cross-trait correlation of GXE interactions.
Significant correlations were observed for 20 and 29 trait-environ-
ment pairsin UKB1and BBJ1, respectively (FDR < 0.05; Supplementary
Table 22). Although marginal genetic correlations formed asingle clus-
ter, GXE correlations were clustered by trait categories (Fig. 3e,f). Nota-
bly, the same environmental factors mediated GxE correlations across
populations: current smoking in liver-related traits; sex and dietary
consumptioninblood pressure traits; and age and sex in renal-related
traits. These trait-environment relationships were consistent with
known epidemiology and recovered without previous clinical input,
suggesting that the trait-environment relationships were embedded
inthe genome-wide GxE architecture.

Unfiltered approach for GXE detection

Past studies have often limited GxE analyses to prefiltered variants to
reduce multiple testing burden'®. A common approach is variance
quantitative traitloci (vQTL) analysis, which tests associations between
genotypes and phenotypic variance without requiring environmen-
tal measurements®. In Supplementary Note 9, we examined overlaps
between GxE interactions and vQTL. GxE loci were 14.6-fold enriched
for vQTL compared with GWAS loci, supporting vQTL as an effective
prefiltering strategy™. However, vQTL missed most GxE interactions
(54.8% in UKB1 and 80.6% in BBJ1; Supplementary Table 23) and their
detectionwas sensitive to phenotype normalization. Moreover, vQTL
heritability did not correlate with GxE heritability across traits. These
results underscore the necessity of using environmental data explicitly
for comprehensive GxXE detection.

Influence on polygenic prediction

Polygenic score (PGS)-based disease risk predictionis actively explo-
red, but environmental differences within and across populations
canreduce its prediction accuracy for specific traits™*°, potentially
exacerbating health disparities. This might affect other traits in gen-
eral, considering the GXE heritability for broad trait categories. To
systematically assess environmental effects on polygenic prediction,
we stratified the discovery and replication cohorts by environments
into two groups (for example, ever-smokers and never-smokers;
younger and older halves of the group). We performed GWAS and
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Fig.3|Genome-wide consistency of GXE interactions across populations.
a, GxE heritability (h?) in UKB1, aggregated across all environmental factors
(Methods). Asterisks denote FDR < 0.05. BUN, blood urea nitrogen; DL,
dyslipidaemia; MAP, mean arterial pressure; WBC, white blood cells. b, Asina,
for BBJ1. ¢, Heritability of GXE interactions and marginal effects for traits with
significantly positive GxE heritability in UKB1 (left) and BBJ1(right).d, Scatter
plot of GxE heritability in UKB1and BBJ1. Regression line estimated by Deming

constructed PGS within individual strata of the discovery cohorts,
and evaluated their prediction accuracy in the strata of the replication
cohorts (Fig. 4a).

Among the 26 trait-environment-biobank triplets with significantly
positive GxE heritability, 20 exhibited significant intra-population
differencesin predictionaccuracyinatleast one stratum (FDR < 0.05;
Fig. 4b,c, Extended Data Fig. 9a and Supplementary Table 24). Pre-
diction accuracy was generally the highest when applied to the same
environmental group at PGS construction. Excluding one related toa
UKBI-specific environment cluster (BMI-fish-and-vegetable), 11 out
of 25 triplets also showed significant differences in cross-population

Rq

>0 emeeeee-s <0

regression to account for estimation errorsinbothxandyaxes. Pvalues were
estimated withatwo-sided Spearman’s rank correlation test. Fora-d, dataare
presented as estimated values with 95% confidende interval (see Supplementary
Table1for the samplesizes). e, Significant genetic correlations (R,, FDR < 0.05)
of marginal effects (grey lines) and GxE interactions (coloured lines), estimated
in UKBL. The widths of lines represent the strength of genetic correlations;
dashedlinesrepresent negative genetic correlations.f, Asine, for BBJ1.

portability (Extended DataFig. 9b-d), although the predictionaccuracy
was generally attenuated.

Polygenic scores constructed from GxE interactions (GXE-PGS)*°
consistently significantly explained phenotypic variance in inde-
pendent cohorts (11 out of 25 (9 out of 25) trait-environment pairs
within (across) populations; Supplementary Table 25). Notably, a
GxSex-based PGS constructed in BBJ1 successfully stratified BMI in
opposite directions between sexes in ]-MICC/HERPACC, capturing
the polygenic architecture of sex differences (Fig. 4d). This stratifi-
cation was apparent even for each sex and among individuals with
similar marginal PGS, suggesting that PGS extended to two dimensions
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could enhance phenotype prediction. Indeed, a model incorporat-
ing GXE-PGS improved BMI prediction accuracy by 16% over a model
without GXE-PGS (R? = 0.128 versus 0.110). By contrast, gains in predic-
tion accuracy were modest for other trait-environment pairs (Sup-
plementary Table 25). Larger sample sizes and methods tailored for
GxE-PGS construction are warranted to fully realize the potential of
GxEinteractions in precision medicine.

Collectively, these observations demonstrated that environmen-
tal factors systematically impacted intra- and cross-population PGS
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and female participants, respectively. e, UMAP of the Tabula Sapiens scRNA-seq
data. We used the 10x Genomics subset and subsampled 100 cells per tissue—
anatomy-cell type combination (Methods). Cell types defined in the original
study.f,g, Single-cell associations with PP geneticsin the younger (f) and older (g)
groups. h, UMAP of the monkey artery scRNA-seq data. Cell types defined in
theoriginal study. i, Differenceinsingle-cell associations between the older
and younger groups.

prediction accuracy, and incorporating GxE interactions could enhance
geneticrisk prediction of human complex traits.

Aging shift of pulse pressure genetics

As genome-wide GxE architecture recapitulated epidemiologically
plausible trait-environment relationships, we reasoned that GXE inter-
actions could uncover biological mechanisms underlying the genetic
dynamics of complex traits. We focused on GxAge interactions for
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pulse pressure, given their strong signals: all four GXE lociin UKB1 were
drivenby GxAge, GxAge heritability was significantly positive and PGS
predictionaccuracy varied across age groups (Supplementary Tables 6
and 21, and Fig. 4b).

We divided BBJ1and UKBlinto two equal-sized age groups and con-
ducted GWAS for pulse pressure within each group. Cross-population
meta-analyses of MAGMA gene-set analyses* revealed that vascu-
lar smooth muscle contraction was enriched in younger individu-
als and cellular senescence enriched in older individuals (Extended
Data Fig. 9e). When projecting polygenic effects onto tissue-wide
scRNA-seq data from Tabula Sapiens™?, blood vessel cell types were
significantly associated with pulse pressure in both age groups,
whereas their relative strength of associations differed by age
(Fig.4e-gand Supplementary Table 26). To examine this closely, we
repeated the analysis using a scRNA-seq dataset of monkey arteries*
(Fig.4h).Inyoungerindividuals, genetic effects were associated with
smoothmuscle cells (P=8.3 x102and 9.4 x 10~ for the two subtypes),
whereasinolderindividuals they were associated with a subgroup of
coronary endothelial cells (P=2.3 x107) (Fig. 4i and Extended Data
Fig. 9f,g). As endothelial cells are central to vascular senescence and
atherosclerosis*!, these results support the findings of the gene set
enrichment analysis.

Aspulse pressure was defined as the difference between systolic and
diastolic blood pressure (SBP and DBP, respectively), we estimated
age-stratified genetic correlations among these traits. Although the
genetic correlation (R,) with pulse pressure remained stable for SBP,
that for DBP declined in older individuals (from R, of 0.46 (95% ClI,

Hazard ratio per unit of SD (95% Cl)

onLDL_TG_pctin UKBI, stratified by sex and age (see Supplementary Table 31
forsamplessizes). ¢, Hazard ratios of LDL_TG_pct onall-cause and CAD-caused
mortality in UKBI, stratified by sex and statin medication at registration (see
Supplementary Table 32 for sample sizes).Inband ¢, data are presented as
estimated values with 95% CI.

0.40-0.53)t00.27 (0.19-0.35); Extended Data Fig. 9h), indicating rela-
tively increased SBP influence with aging. Cross-age genetic correla-
tion for pulse pressure was modest as expected (R, = 0.42(0.35-0.49);
Extended Data Fig. 9i).

Collectively, these results suggested that the age-related changes
inpulse pressure genetics are driven by increasing SBP influence over
DBP, reflecting a shift from smooth muscle-mediated regulation in
youth to an endothelial-driven SBP increase with vascular aging. Our
results demonstrated that GxE interactions can reveal dynamic trait
biology missed by typical GWAS.

Sex-discordant regulation in metabolites

In addition to single-cell analysis, molecular QTL mapping can offer
granular biological insights into genetic loci. We analysed 2,924
proteins (N,,,, = 28,561 in UKB1 and 2,153 in BBJ1; Supplementary
Table 27) and 325 metabolites (N,,,, =153,410 in UKB1 and 89,040 in
BBJ1; Supplementary Table 28) for 57 lead variants. We identified 13
significant protein-locus pairsin meta-analyses across biobanks (8 loci;
FDR;,¢ < 0.05; Supplementary Table 29), with the ALDH2 and SURFé61oci
reaching genome-wide significance. For metabolites, 2,326 significant
metabolite-locus pairs (38 loci) were detected, and 650 (15 loci) passed
genome-wide significance, aided by their large sample sizes (Supple-
mentary Table 30). These omics-level GXE interactions covered 70%
(40 out of 57) of loci, with the same environments driving both omics
and clinical GXE interactions at all loci, indicating that most clinical
GxEinteractions were detectable at the molecular level.
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The relationship between GxE and marginal P values exhibited
five distinct patterns across 15 loci with the genome-wide significant
metabolite GxEinteractions (Fig. 5aand Extended Data Fig.10): (1) high
Pge—Prargina COTTElation, (2) GXE-specific signals for 1-2 lipid metabo-
lites, (3) bimodal distribution at the TNFAIP8locus, (4) significant P,
for 1-2 non-lipid metabolites; and (5) much smaller P, i fOr most
metabolites. The first three patterns were related to lipid metabolites.
Inthefirst pattern, metabolites highly correlated with clinical lipid bio-
markers formed distinct clusters with abroad P-value spectrum, sug-
gesting that clinical lipid biomarkers may adequately capture genetic
and GxE structure at these loci.

In the second pattern, the nearest genes were involved in lipid
metabolism, and strong GxE-specific signals were detected for lipid
metabolites not highly correlated with clinical biomarkers, suggesting
that direct metabolite measurement was necessary to detect GXE at
these genes. For these loci, sex was the top contributor in 86% of GXE
metabolite QTL (568 out of 664 metabolite-locus pairs). Among them,
cholesteryl ester transfer protein (CETP) is anintriguing target of genet-
ics-drivendrugdiscovery. Although CETP inhibitors showed promisein
GWAS for raising HDL-C and lowering LDL-C to reduce coronary artery
disease risk*, several were discontinued in phase 3 trials. The CETP
locus showed a GXE-specific signal for the percentage of triglycerides
in LDLs (LDL_TG_pct; P = 1.8 X 1072, P,y 1inal = 0.98). Given the role
of CETPinexchangingtriglycerides from LDLs and other lipoproteins
with cholesteryl esters from HDL, LDL_TG_pct might represent a key
metabolic process for this protein. Notably, effect directions differed
by sex (Fig.5b and Supplementary Table 31),and LDL_TG_pct predicted
all-cause and coronary artery disease mortality in both sexes (hazard
ratio per unit of s.d. in UKB1:1.23 (95% confidence interval, 1.21-1.25)
and1.25(1.18-1.32), respectively; Fig. 5c and Supplementary Table 32).
As the known causal variant (rs1801706) showed increasing effects
on CETP expression*®*, these results suggested that CETP inhibition
mightdecrease LDL_TG_pctin menbutincreaseitin women, potentially
leading to an increased female mortality risk. We also confirmed a
previously reported female-specific effect on clinical LDL-C using the
same UKB data'® (Extended Data Fig.11), although LDL-C hazard ratios
were not significantly positive, probably due to statin use. These effects
might together help explain the clinical trial failure. We also examined
the otherlociwiththe second pattern. All GXE-specific signals showed
opposite-effect directions between sexes (Extended Data Fig. 12a),
suggesting that sex-discordant genetic regulation may be commonin
lipid metabolism. Some effect sizes were also varied by age, possibly
reflecting age-dependent declines in sex hormones, which warrants
further investigation.

The TNFAIP8 locus showed a bimodal P value distribution (third
pattern). Marginal effects acted mainly through the subfraction of
triglycerides, whereas multiple HDL metabolites (especially very
large HDL, XL_HDL) exhibited sex-discordant effects (Extended Data
Fig.12b-d). The nearest gene, TNFAIPS, is implicated in oncogenesis
and inflammation, and has recently been shown to bind lipid mes-
sengers*s. The adjacent gene, HSD17B4, encodes 17-B-hydroxysteroid
dehydrogenase 4, a multi-functional enzyme involved in fatty acid
and sex steroid metabolism*. This multi-functionality might under-
lie the bimodal pattern, though distinct genetic influences on HDL
and triglyceride subfractions are also possible. As fine-mapping and
co-localization analyses could not pinpoint causal variants (Supple-
mentary Note 10), further experiments are warranted to characterize
thislocus.

Motivated by these GXE metabolite QTLs, we expanded the
metabolome-wide GXE analysis to genome-wide variants, identifying
30 (11) genome-wide significant loci in the UKB1 (BBJ1), yielding 736
(228) metabolite-locus pairs. Among these, 16 (4) lociin the UKB1 (BBJ1)
passed the Bonferroni threshold. Notably, GxSex interactions at the
ALDHIA2 and ZNF259lociwere observed inboth cohorts (Supplemen-
tary Table 33), and several loci showed sex-discordant effects (Extended
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Data Fig. 13 and Supplementary Table 34), again underscoring the
sex-specific genetic architecture of metabolome regulation. Although
not Bonferroni-significant, we also detected current-smoker-specific,
never-drinker-specific and GxE-only associations (Extended Data
Fig.13), which warrant further validation and functional studies.

Collectively, our analysis demonstrated that omics GxE studies could
provide granular insights into the molecular basis of genetic effect
plasticity, particularly for the prominent sexual dimorphism in lipid
metabolism.

Discussion

We provided a GxE atlas across the genome, phenomes and environ-
ments intwo populations and tested replicationin diverse populations,
substantially expanding the catalogue of human GXE interactions.
Leveraging this atlas, we demonstrated that GxE interactions yielded
both granular and holistic insights into biological dynamics at the
locus, genome-wide, single-cell and molecular levels. At the locus
level, GXE analyses revealed underlying biological mechanisms and
highlighted the need for careful interpretation by specialists. At the
genome-wide level, GXE interactions affected trait heritability, PGS
prediction accuracy and cross-population portability, emphasizing the
value of incorporating environmental context into genetic prediction.
Single-cell- and omics-level analyses uncovered age-, sex- and other
environment-specific effects, underscoring the dynamic and molecu-
lar nature of GxE interactions. Although moderate GxE sharing was
observed across populations, population-specific signals and limited
datafromunderrepresented groups highlight the need for more diverse
cohortswith detailed environmental and omics data (Supplementary
Note11). In conclusion, we provided arich resource for future genetic
studies, establishing the importance of GxE interactions in decoding
the dynamics of complex trait biology, refining personalized medicine
and informing drug development.
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Methods

Biobank Japan

The BBJ is a prospective hospital-based biobank with 267,289 partici-
pants, allof whomwere diagnosed with atleast one of the target diseases
of BB] by physicians at the cooperating hospitals®® All of the partici-
pants provided writteninformed consent approved by the ethics com-
mittees of the Institute of Medical Sciences, the University of Tokyo and
RIKEN Center for Integrative Medical Sciences. The BBJ comprises two
cohorts, whichwere genotyped separately: the first (BBJ1, N =182,536)
and second (BBJ2, N=68,534) cohorts. The participants in BBJ1 were
genotyped with the [llumina HumanOmniExpressExome BeadChip or
acombination of the lllumina HumanOmniExpress and HumanExome
BeadChip, whereas the participants in BBJ2 were genotyped with the
Illumina Asian Screening Array. All BBJ1 participants and 17% of the BBJ2
participants (V =11,716) were recruited from 2003 t0 2008. The remain-
ing BBJ2 participants (N = 56,818) were recruited from 2013 to 2017.

Definition of the discovery and replication cohorts. We used BBJ1
(BBJ2) as the discovery (replication) cohort.

Quality control of genotype data. We conducted a quality control of
the participants and the genotypes, and excluded samplerelatedness
in BBJ1 via the same approach described previously*>. The genotype
datawereimputed with1000 Genomes Project Phase 3 (N = 2,504) and
Japanese whole-genome sequencing data (V= 1,037) using Minimac3
software>*. We excluded variants with animputation quality of R,, < 0.7
oraminor allele frequency (MAF) of less than 0.01, resulting in 7,444,735
autosomal variants analysed in total. We analysed 166,757 participants
of the Japanese population as estimated by the visual inspection of
principal component analysis (PCA).

In BBJ2, we excluded participants with a low call rate (<0.98) and
outliers from the Japanese Hondo (that is, the main islands) cluster
estimated on the basis of PCA. We excluded the variants meeting the
following criteria: (1) with a low call rate (<0.99); (2) with low minor
allele counts (<5); and (3) with a Hardy-Weinberg equilibrium test
Pvalue of <1.0 x107°. We performed statistical phasing of the genotype
data using Shapeit4 (ref. 55) and imputation using Minimac4 (ref. 56)
with the same reference panel as used in the discovery cohort. After
imputation, we excluded variants with animputation quality of <0.7 or
aMAF less than 0.01. We used King* to exclude relatives within second
degrees, resulting in 65,373 participants being analysed.

UK Biobank

The UKB s a population-based biobank with approximately 500,000
participants recruited between 2006 and 2010, aged 40-69 years®®.
Participants were genotyped using either the UK BiLEVE Axiom Array
or UK Biobank Axiom Array. The genotypes were then imputed by
IMPUTE4 software using acombination reference panel of the Haplo-
type Reference Consortium, UKIOK and 1000 Genomes Project Phase
3. We accessed the UKB data under the project number 47821.

Definition of the discovery and replication cohorts. We included
British European for the discovery cohort (UKB1), defined as the
intersection of the self-reported British participants and the genetically
‘Caucasian’ participants (UK Biobank Data Fields 21000 and 22006), to
strictly reduce the inflation of test statistics due to population stratifi-
cation. We excluded one participant fromevery related pair within the
third degree. For the replication cohort (UKB2), we included all other
genetically ‘Caucasian’ participants and excluded one participant from
every related pair within the second degree. We also excluded the par-
ticipants related to any participants in UKB1 within the second degree.

Quality control of genotype data. We analysed 9,813,264 autosomal
variants with an imputation quality of >0.7 and MAF of >0.01, which

was equivalent to the threshold used in BBJ. We excluded partici-
pants with: (1) sex chromosome aneuploidy; (2) amismatch between
genetic and self-reported sex; or (3) outliers for heterozygosity or
missing rate.

Descriptions of the independent replication cohorts, J-MICC/
HERPACC (refs. 59-61), JPHC (ref. 62), All of Us (ref. 63) and HPP
(ref. 64) are available in Supplementary Methods.

Quality control of phenotypes and environments

Clinical traits. The definition and quality control of clinical traits were
summarized in Supplementary Tables 2 and 3. In brief, we obtained
biomarker phenotypes from the initial assessment data for UKB and
the medical records for BBJ. For BBJ, we used the biomarker pheno-
types measured at the nearest dates to the baseline assessment for
the main analyses, whereas we used those measured most recently for
the temporal order analyses. For the UKB, we used the baseline assess-
ment datafor the main analyses, whereas we used the most recent data
fromthe second to fourth revisit assessments for the temporal order
analyses, namely, the first repeat assessment visit, the imaging visit,
and thefirst repeatimaging visit. We applied the same quality controls
for both biobanks, including (1) excluding participants with age <18 or
age >85; (2) excluding participants with particular disease status that
might have affected the phenotype values; (3) correction of pheno-
type values for participants taking anti-hypertensive medications or
statins; (4) excluding outliers whose measured values were outside of
threetimesthe interquartile range (upper or lower quartile), or outside
three standard deviations fromthe mean; and (5) applying natural log
transformation for the phenotypes with right-skewed distributions. For
the temporal order analyses, werestricted the data to those measured
atleast halfayear after the baseline survey.

For disease statuses, we combined diagnoses data (ICD-10), opera-
tion data (OPCS-4) and self-reported iliness and operation data for
UKB. We determined the subtypes of diabetes mellitus based on ICD-10
codes and an established algorithm developed for UKB self-reported
data®. We excluded participants with diabetes mellitus other than
T2D, and patients with T2D who were also inferred to have type 1 dia-
betes from both cases and controls. Following a previous report®®, we
included ischaemic stroke patients as cases only if they had any evi-
dence of stroke other than self-reports and excluded the participants
with self-reported stroke from controls. For BBJ, we defined disease
statuses based on the union of diagnoses by doctors at the cooper-
ating hospitals and past medical history retrieved from electronic
medical records. When testing T2D, we excluded the participants
with diabetes mellitus other than T2D from both cases and controls.
We defined clinical traits and performed quality control in the rep-
lication cohorts in the same manner, as detailed in Supplementary
Methods.

Environmental factors. As the resolution of individual question-
naire items was limited due to their few discrete response options,
we employed a clustering-based approach to summarize correlated
items into high-resolution latent environments® as summarized in
Supplementary Table 4. The questionnaires for dietary consumption
and physical activity were available for both UKB and BBJ, with low
missing rates (0.01-0.27% in UKB1 and 1.4-13.3% in BBJ1), and were
used in this manuscript. We converted the categorical responses into
the continuous scale following ref. 68. For example, the responses to
dietary consumptionin BBJ were ‘Almost every day’, ‘3-4 days aweek’,
‘1-2 days aweek’ and ‘Rarely’,and we converted theminto 7,3.5,1.5and
0, respectively. We treated the responses ‘Do not know’ and ‘Prefer not
to answer’ as missing values. For clustering analyses, we first regressed
out age, sex, age?, age x sex, and age? x sex from the environmental
factors derived from questionnaires about dietary consumption and
physical activities. We then performed consensus clustering analyses
using the ConsensusClusterPlus R package® for the environmental


https://biobank.ndph.ox.ac.uk/ukb/field.cgi?id=21000
https://biobank.ndph.ox.ac.uk/ukb/field.cgi?id=22006

factors. We used (1 - Pearson’s correlation) as the distance between
environmental factors and employed the hierarchical clustering
algorithm with Ward’s method. We note that we multiplied the values
of coffee consumptionin UKB1by —1as we observed its strong negative
correlation with tea consumption. We changed the number of consen-
sus clusters from two to ten and defined the number of clusters based
on the stability of the cumulative distribution function curve and the
item tracking. We named these clusters based on the questionnaire
includedinthe clusters and used thefirst principle component as their
environmental values. We matched the direction of the first principle
componenttothat of the raw questionnaire dataincluded inindividual
clusters. The cluster scores were standardized to amean of zeroand a
standard deviation of one. Finally, we excluded the outliers whose first
principle component were outside of three standard deviations from
the mean. The clustering of questionnaires for environmental factorsin
thereplication cohorts was described in the Supplementary Methods
and Supplementary Table 4.

Disease statuses used for the phenome-wide association study.
In addition to the nine disease statuses used in the main analyses, we
defined disease statuses based on ICD-10 in UKB1 and past medical
history in BBJ1, as summarized in Supplementary Table 19. For the com-
plications of diabetes mellitus (diabetic nephropathy and retinopathy),
we restricted cases and controls to the T2D patients. We tested GXE
interactions for the diseases with more than 1,000 cases in individual
cohorts. Consequently, we tested 35 diseases for 49 lead variants in
UKB1 and 52 diseases for 38 lead variants in BBJ1.

Metabolites measurement. We started from the internally quality
controlled Nightingale NMR metabolome measurement data and
removed its technical variation using the ukbnmr R package. Briefly,
this package removed the technical variation derived from: (1) the
elapsed time from sample preparation to measurement, (2) the posi-
tion (row and column) of the 96-well plate and (3) a series of meas-
urement dates for each spectrometer. This package also calculated
76 useful biomarkers based on the ratio between directly measured
ones, in addition to 249 biomarkers provided by Nightingale NMR
(325biomarkersin total; Supplementary Table 28). We then removed
participants aged <18 or >85, or whose measured values were outside
of three times the interquartile range (upper or lower quartile) or
outside of three standard deviations from the mean. We also removed
the following participants for particular biomarkers: participants with
renalinsufficiency (eGFR <15 ml min™ per1.73 m?) for creatinine; par-
ticipants with liver diseases, haematological malignancies, nephrotic
syndrome or autoimmune diseases for albumin; or participants with
diabetes mellitus for glucose and participants with autoimmune dis-
eases for glycoprotein acetyls. We applied natural log transformation
to the measurement values and standardized them to mean of O and
s.d.of 1.

Protein expression measurement. We used the normalized Olink
protein expression data (Olink Explore 3072). As implemented by
Olink, these datawere already bridge-normalized across measurement
batches into the unit of normalized protein expression. As we did for
other quantitative phenotypes, we removed participants aged <18 or
>85, or whose measured values were outside of three times the inter-
quartile range (upper or lower quartile), or outside of three standard
deviations from the mean. We used 2,923 proteins with valid measure-
ment data for both BBJ1and UKB1 (Supplementary Table 27).

GxEinteraction testing

Allstatistical tests were two-sided unless otherwise noted. As pheno-
types, wetargeted quantitative traits (clinical biomarkers, metabolites,
and protein expression measurements), dichotomous traits (disease
statuses), and time-to-event traits (disease onset for incidental cases

and overall survival). For quantitative and dichotomous traits, we
tested GxE interactions using GEM, a fast and scalable implementa-
tion of linear and logistic regressions with GxE interaction terms?
(Extended Data Fig. 1). We estimated the model-robust ‘sandwich
standard errors to suppress the inflation of statistics?. As the case-
controlimbalance can cause the inflation of test statistics in the logis-
tic regression, we re-estimated the effect sizes and P values using
Firth logistic regression for the variants with P values <5.0 x 1078 for
dichotomous traits. For the time-to-event traits, we employed the Cox
proportional hazard model implemented in the ‘survival’ R package.
Individuals who had already developed the target disease at baseline
or developed it within six months from baseline were excluded from
theincidental case analyses.

We tested GXE interactions for different sets of environmental fac-
tors, as shown in Extended Data Fig. 1, and then aggregated P values
across environmental sets on the Cauchy distribution? to obtain
per-variant P values. When P values were O (meaning that P val-
ues were <1.0 x 1073%°), we estimated the precise Pvalues using the
multiple-precision floating-point arithmetic with the maximal preci-
sion 0f 10,000 bits, implemented in the Rmpfr R package. Regional
GxE interactions were plotted using LocusZoom™'. We defined a GXE
interaction as significant at the variant level if the aggregated P value
was below the genome-wide threshold of 5.0 x 1078, We also reported
the study-wide Bonferroni threshold for full transparency. We did not
require that any individual environment’s interaction term be signifi-
cant on its own, considering that GxE interactions can be driven by
multiple environments. Nevertheless, we note that at least one raw
Pvalue was smaller than the Cauchy-combined P value in principle,
as the Cauchy combination method is not a meta-analysis but rather
returns a Pvalue within the range of raw Pvalues.

After evaluating the significance of GXE interactions at the variant
level, we determined the order ofimportance of GxE interaction terms
by backward elimination from the regression model with all GxE inter-
actionterms. Specifically, we repeatedly removed the GxE interaction
termwiththeleastimprovementin thelikelihood of the linear regres-
sion model or the largest Wald P value of the Firth logistic regression
model. After removing all GXE interaction terms, we brought back the
GxEinteractiontermsonebyoneinthe order of theirimportanceifthe
model fit was improved with a P value less than 0.05 (likelihood ratio
test). We considered that the environmental factors contributed to
GxEinteractionsifthe correspondinginteraction termswere included
inthe finalmodel. In principle, this approach selects more parsimoni-
ous sets of environments than the Akaike information criterion and
can determine the top environment contributing to individual GXE
interactions.

We used the first 20 genetic principal components, genotype array,
age?, age x sex and age? x sex as covariates for the UKB. For the other
cohorts, we used the first ten principle components, age?, age x sex and
age’ x sex as covariates. Age and sex, as well as other environmental
factors, were included as the interaction terms with genotypes, and
the variables used for interaction terms were automatically included
as covariates. We also included the status of the target diseases in BBJ
as covariates for quantitative traits and overall survival. We included
the status of statin medication as an additional covariate for metabo-
lome measurements. For sex-specific diseases in the phenome-wide
association study, we excluded sex from the environmental factors
and age x sex and age? x sex from covariates.

Following that previous cross-population GWAS used the distance-
based locus definition?, we defined that the genome-wide significant
variants wereinthe samelocusiftheir distance was less than 500 kbp.
Forthe genome-wide GxEinteraction tests onthe proteome and metab-
olome, we first targeted 56 lead variants of clinical GXE interactions,
including those identified by meta-analyses. We then extended the
targets on the metabolome to (1) genotyped variants in each cohort,
(2) HapMap3 variants and (3) the variants targeted by the meta-analysis

,
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across BBJ and UKB, to reduce the computational cost. After defining
the metabolome GxE loci based on their distance as above, we merged
the metabolome GxElociifthey overlapped with the same locus defined
for the clinical traits. See Supplementary Methods for further meth-
odological details.

Ethics statement. This study was approved by the ethics committee of
the University of Osaka (approval no. 734-18) and the ethics committee of
the Graduate School of Medicine, the University of Tokyo (2023405G-(4)).

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The genome-wide summary statistics of GXE interactions for both
clinical phenotypes and the metabolome are publicly available at
the NBDC Human Database (https://humandbs.dbcls.jp/en) with the
accession ID hum0197.v26.374-traits.vl and at the NHGRI-EBI GWAS
Catalogue (https://www.ebi.ac.uk/gwas) with the accession IDs
GCST90681837-GCST90690020. The UKB analysis was conducted
under application no. 47821 (https://www.ukbiobank.ac.uk/). The BBJ
dataare available at the NBDC Human Database (https://humandbs.
biosciencedbc.jp/en/) viaaccession IDsJGAS000114 and JGAS000412
(genotype), JGAS000561 (metabolome) and JGASO00785 (pro-
teome). Human reference genome GRCh38, http://ftp.1000genomes.
ebi.ac.uk/voll/ftp/technical/reference/GRCh38_reference_genome/;
Japanese human reference genome JG2.1.0, https://jmorp.megabank.
tohoku.ac.jp/downloads/tommo-jg2.1.0-20211208; the enformer
model v.1, https://www.kaggle.com/models/deepmind/enformer/
tensorFlow2/enformer/1; East Asian LD block data, https://github.
com/jmacdon/LDblocks_GRCh38/blob/master/data/pyrho_EAS_LD_
blocks.bed.

Code availability

We conducted the analyses using the following publicly available
tools: GEMv.1.1(https://github.com/large-scale-GxE-methods/GEM),
OSCAv.0.46 (https://cnsgenomics.com/software/osca), bgenie v.1.3
(https://jmarchini.org/bgenie/), LocusZoomv.1.4 (locuszoom.org),
LDSC v.1.0.0 (https://github.com/bulik/ldsc), PRScs version 4 June
2021 (https://github.com/getian107/PRScs), MAGMA v1.09a (https://
ctg.cncr.nl/software/magma), scDRS v.1.0.2 (https://martinjzhang.
github.io/scDRS/), enformer (https://github.com/google-deepmind/
deepmind-research/tree/master/enformer), shapeit4 v.4.1.2
(https://odelaneau.github.io/shapeit4/), minimac4 v.1.0.1 (https://
github.com/statgen/Minimac4), plink2 v.2.00a6LM (https://www.
cog-genomics.org/plink/2.0/), king v.2.2.5 (https://www.kingrelat-
edness.com/), FINEMAP v.1.4.2 (http://www.christianbenner.com/),
GenomeStudio v.2.0.5 (https://support.illumina.com/downloads/
genomestudio-2-0.html), Applied Biosystems Analysis Power Tools
v.2.12.0 (https://www.thermofisher.com/jp/en/home/life-science/
microarray-analysis/microarray-analysis-partners-programs/
affymetrix-developers-network/affymetrix-power-tools.html),
BCFtools/liftover (https://github.com/freeseek/score), Transanno
v.0.4.5 (https://github.com/informationsea/transanno). We also
conducted the analyses using the following R packages: logistf
v.1.24, mixmetav.1.2.0, GxEprs v.1.2, survival v.3.2-3, ukbnmr v.2.2,
glmnetv.3.1-1, Rmpfrv.0.9-4 (https://cran.r-project.org/web/pack-
ages), ConsensusClusterPlus v.1.50.0 (https://bioconductor.org/
packages/release/bioc/html/ConsensusClusterPlus.html), ACAT
v.0.91 (https://github.com/yaowuliu/ACAT), Seurat v.4.3.0.1 (https://
satijalab.org/seurat/) and susieR v.0.12.35 (https://stephenslab.
github.io/susieR/).
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Extended DataFig. 5| Replication within and across populations. individuals per genotype; lines, regression lines using all participants. g and
a-b, Replication statuses of GxE lociother thanthe ALDH2locus (a) and the h, Minor allele frequencies (MAF) of the lead variants (g) and environmental
ALDHZ2locus (b). Only interactions with at least one nominally significant distributions (h) in UKBland BBJ1.Ing, cross-populationsharedlociare
replication (P, < 0.05) are shown. EUR, the European population; EAS, theEast  marked with crosses and labelled by nearest genes. Solid gray linesrepresent
Asian population; AFR, the African population; AMR, the Americanpopulation.  x=0,y=0,andy=x.i, Number of GxE loci detected with P, less than 5.0x107®
c-f,TheeGFRdistributions acrossrs77924615genotypes (the UMOD locus) inrandomly subsampled participants in UKB1and BBJ1. Subsamplesizes: 10,
and age in UKB1 (c), UKB2 (d), BBJ1(e), and BBJ2 (f), asarepresentative example 50,100,150, and 200 thousand in UKB1;10, 50, and 80 thousand in BBJ1. Full-
of cross-population shared GxE interaction. Dots, 5,000 randomly sampled cohortresultsare also shown (Npe., =253,773in UKBland 133,117 in BBJ1).
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Extended DataFig. 8| Phenome-wide GxE interactions for disease statuses.
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Extended DataFig.9|Additional genome-wide properties of GXE
interactions. a, PGS prediction accuracyin the same population. X-axis: log,
ratio of prediction accuracy (R?) between “same-stratum” and “opposite-
stratum” PGS (based on matching vs. non-matching environmental strata).
Y-axis: P-values of R?differences, estimated by two-sided Hotelling’s t test.

Dashedline: FDR threshold of 0.05.b, Same as a, for cross-population portability.

candd, Examples of PGS prediction accuracy within (c) and across (d)
populations, for hematocrit (Ht) stratified by sex. e, MAGMA one-sided gene-
setenrichmentanalyses of age-stratified genetic effects on pulse pressure (PP),
using the gene ontologies for biological processes. Dashed lines: FDR = 0.05

(vertical/horizontal); y = x (diagonal).fand g, Single-cell associationsin the
monkey artery scRNA-seq data for the younger (f) and older (g) groups.
Significant celltypes marked with ellipses (false discovery rate <0.05; one-sided
Monte Carlo samplingimplemented in scDRS). h, Genetic correlations across
PP, systolic blood pressure (SBP), and diastolic blood pressure (DBP), estimated
separately for theyoungerand older groups.i, Genetic correlations for the
sametraitbetweenage groups. Forhandi,shownaretheinverse-variance
weighted meta-analyses of UKBland BBJ1(N=127,933,128,369,and 128,530 in
UKBland N=73,480,73,815,and 73,750 in BBJ1for PP, SBP,and DBP, respectively,
foreach age stratum); dataare presented as estimated values with 95% CI.
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Extended DataFig.11|Sexual dimorphic effects at the CETPlocus on clinical
lipid biomarkers. a, Effect sizes of rs12720908 (the CETPlocus) on clinical lipid
biomarkersin UKBI, stratified by sex and age. b and ¢, Hazard ratios of clinical
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Extended DataFig.12|Sexual dimorphic effects for lipid metabolites at and the one with the smallest P, (“concentration of very large HDL particles”
multipleloci. a, Effect sizes of rs1065853 (the APOE locus), rs6065904 (the [XL_HDL_P]) areshowninred.candd, Effectsizes of rs67328001 (the TNFAIP8
PLTPlocus),and rs58542926 (the TM6SF2locus) on lipid metabolitesin UKBI, locus) onthefive metabolites with the smallest P, gina (€) and P, (d), stratified
stratified by sexand age.L_LDL_PL_pct, phospholipids to total lipidsinlarge by sex and age. M_LDL_TG, triglyceridesin medium LDL; HDL_TG_pct,

LDL percentage; L_VLDL_FC_pct, free cholesterol to total lipidsinlarge VLDL triglycerides to total lipidsin HDL percentage; S_LDL_TG, triglycerides in small
percentage; LDL_PL_pct, phospholipids to totallipidsin LDL percentage; LDL; XS_VLDL_TG, triglyceridesin very small VLDL; XL_HDL_FC, free cholesterol
S_HDL_FC_pct, free cholesterol to total lipids in small HDL percentage; S_HDL _ inverylarge HDL; XL_HDL_L, totallipidsinverylarge HDL; XL_HDL_C, cholesterol
PL_pct, phospholipidstototallipidsinsmall HDL percentage. b, Heatmap of inverylargeHDL; HDL _size, average diameter for HDL particles. Fora,c,andd,
marginal effects and GxE interactions of rs67328001 (the TNFAIP8locus) on dataare presented as estimated values with 95% CI; see Supplementary Table 31

lipid metabolites, using P-values estimated by two-sided linear regression. The forthesamplesizes.
metabolite with the smallest P, g (“triglycerides in small VLDL” [S_VLDL _TG])
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Extended DataFig.13|Genome-wide GxE interactions for metabolites. estimated by two-sided linear regression. e, Environment-stratified effect sizes
a, Sexual dimorphiceffects at four lociin UKB1.XXL_VLDL_TG_pct, the atthe SLC7A21locus in UKBL. For the “teaand coffee” and “meat and cheese”
triglyceridesto total lipids ratioin chylomicrons and extremely large VLDL; environment clusters, participants were stratified into two equal-sized groups.
S_VLDL_CE_pct, the cholesteryl esters to total lipids ratioin small VLDL. Note that coffee consumption was multiplied by -1to account for its negative
band ¢, Environment-specific effectsin UKB1 for current-smoking at the correlation with teaconsumption in UKB1; therefore, higher cluster values
LRRC4Clocus (b) and never-drinking at the KLHL32locus (c). L VLDL_PL_pct, the indicate more frequent tea consumption, whereas lower values indicate more
phospholipidsto total lipids ratioin large VLDL; S_VLDL_PL, phospholipidsin frequent coffee consumption. Fora-cand e, dataare presented as estimated

small VLDL.d, Distribution of Py,,gina and P, at the SLC7A2locus in UKBI, values with 95% CI; see Supplementary Table 34 for the sample sizes.



nature portfolio

Corresponding author(s):  Yukinori Okada

Last updated by author(s): 2025/11/14

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
n/a | Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

X X

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

X

A description of all covariates tested

X X

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XX O 00 000 00 00
X

X L]

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection No software was used for data collection

Data analysis We conducted the analyses using the following publicly available tools: GEM v1.1 (https://github.com/large-scale-GxE-methods/GEM), OSCA
v0.46 (https://cnsgenomics.com/software/osca), bgenie v1.3 (https://jmarchini.org/bgenie/), LocusZoom v1.4 (locuszoom.org), LDSC v1.0.0
(https://github.com/bulik/Idsc), PRScs version June 4th, 2021 (https://github.com/getian107/PRScs), MAGMA v1.09a (https://ctg.cncr.nl/
software/magma), scDRS v1.0.2 (https://martinjzhang.github.io/scDRS/), enformer (https://github.com/google-deepmind/deepmind-
research/tree/master/enformer), shapeit4 v4.1.2 (https://odelaneau.github.io/shapeit4/), minimac4 v1.0.1 (https://github.com/statgen/
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The genome-wide summary statistics of GxE interactions for both clinical phenotypes and the metabolome are publicly available at the NBDC Human Database
(https://humandbs.dbcls.jp/en) with the accession ID hum0197.v26.374-traits.vl and at the NHGRI-EBI GWAS Catalog (https://www.ebi.ac.uk/gwas) with the
accession IDs GCST90681837-GCST90690020. The UK Biobank analysis was conducted under application number 47821 (https://www.ukbiobank.ac.uk/). The
Biobank Japan data are available at the NBDC Human Database (https://humandbs.biosciencedbc.jp/en/) with the accession IDs JGAS000114 and JGAS000412
(genotype), JGAS000561 (metabolome), and JGASO00785 (proteome). Human reference genome GRCh38, http://ftp.1000genomes.ebi.ac.uk/voll/ftp/technical/
reference/GRCh38_reference_genome/; Japanese human reference genome JG2.1.0, https://jmorp.megabank.tohoku.ac.jp/downloads/tommo-jg2.1.0-20211208;
the enformer model version 1, https://www.kaggle.com/models/deepmind/enformer/tensorFlow2/enformer/1; East Asian LD block data, https://github.com/
jmacdon/LDblocks_GRCh38/blob/master/data/pyrho_EAS_LD_blocks.bed.
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Reporting on sex and gender We estimated genetic sex and used it for the analyses throughout the manuscript.

Reporting on race, ethnicity, or We used the term "population" to refer clusters of human genetic variations, avoiding to use the terms of race and ethnicity.
other socially relevant
groupings

Population characteristics BBJ is a prospective biobank that collaboratively collected DNA and serum samples from 12 medical institutions in Japan and
recruited approximately 270,000 participants, mainly of Japanese ancestry. Mean age of participants at recruitment was 63.0
years old, and 46.3% were female. All study participants had been diagnosed with one or more of 51 target diseases by
physicians at the cooperating hospitals. The UK Biobank project is a population-based prospective cohort that recruited
approximately 500,000 people across the United Kingdom. Mean age of participants at recruitment was 56.8 years old, and
53.8% were female. We tested gene—environment interactions for age, sex, and lifestyle exposures. We controlled for age at
baseline assessment and biological sex by including age2, age x sex, age2 x sex as covariates. For controlling for population
structure, we used genetic principal components as covariates derived from the genotype information.

Recruitment UK biobank is a population-based biobank of United Kingdom recruited between 2006 and 2010, aged 40-69 years. Biobank
Japan is a hospital-based biobank recruited from 2003 to 2008 and from 2013 to 2017, and all participants were diagnosed

with at least one of the target diseases of Biobank Japan by physicians at the cooperating hospitals.

Ethics oversight This study was approved by the ethics committee of Osaka University (approval number: 734-18) and the ethics committee
of the Graduate School of Medicine, the University of Tokyo (2023405G-(4)).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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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.
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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 We used UK Biobank and Biobank Japan for discovery and replication. We analyzed unrelated individuals from all genetically European
participants in the former and all genetically Japanese participants in the latter. We also used unrelated individuals from all genotyped
participants from four external cohorts for replication with total sample size of 436,272: Japan Multi-Institutional Collaborative Cohort (J-
MICC) Study and Hospital-based Epidemiologic Research Program at Aichi Cancer Center (HERPACC), Japan Public Health Center-based
Prospective (JPHC) Study, the National Institutes of Health’s All of Us Research Program, and the Human Phenotype Project (HPP). We did not
use any statistical methods to predetermine sample size, but included the maximum number of individuals in each cohort who passed the
quality control. This strategy maximized the statistical power in each cohort and we also performed the cross-population meta-analysis to
further increase the power.

Data exclusions  For the discovery cohort of Biobank Japan (BBJ1), we performed quality control and excluded sample relatedness as described in Kanai et al.
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Data exclusions Nature Genetics (2018). We analyzed 166,757 participants of the Japanese population as estimated by the visual inspection of principal
component analysis (PCA). For the replication cohort of Biobank Japan (BBJ2), we excluded participants with a low call rate (<0.98) and
outliers from the Japanese Hondo (i.e., main islands) cluster estimated based on PCA. We used King to exclude relatives within second
degrees, resulting in 65,373 participants being analyzed. For the discovery cohort of UK Biobank (UKB1), we included British Europeans,
defined as the intersection of the self-reported British participants and the genetically “Caucasian” participants, to strictly reduce the inflation
of test statistics due to population stratification. We excluded one participant from every related pair within the third degree. For the
replication cohort (UKB2), we included all other genetically “Caucasian” participants and excluded one participant from every related pair
within the second degree. We also excluded the participants related to any participants in UKB1 within the second degree. For all cohorts, we
excluded participants if their phenotype or environment data were unavailable.

Replication In UK Biobank, we used British European participants as a discovery cohort (UKB1, Nmax = 273,453) and other European participants as a
genetically independent replication cohort (UKB2, Nmax = 8,149). Biobank Japan was comprised of its first and second cohorts (BBJ1, Nmax =
166,757; BBJ2, Nmax = 65,373), and we used them as discovery and replication cohorts, respectively. We also used the external cohorts for
replication. We observed replication rates as comparable to those of GWAS, which were summarized in Supplementary Notes and
Supplementary Tables.

Randomization = We did not need to use randomization in this study because this is a genotype-phenotype association study with interaction terms with
environmental exposures. All samples with available accessibility to genotype, phenotype, and environment data were included in the
analysis. In UK Biobank, we used British European participants as a discovery cohort (UKB1, Nmax = 273,453) and other European participants
as a genetically independent replication cohort (UKB2, Nmax = 8,149) to reduce population stratification particularly at the discovery stage.
We did not apply any allocation to the other biobanks and cohorts. For controlling for population structure, we used genetic principal
components as covariates derived from the genotype information.

Blinding We did not apply blinding of the samples because this is a genotype-phenotype association study with interaction terms with environmental
exposures and no intervention was conducted in our study.

Reporting for specific materials, systems and methods

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

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

Animals and other organisms
Clinical data
Dual use research of concern

Plants
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Plants

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

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

was applied.
Authentication Describe-any-authentication procedures for-each seed stock used-or-novel-genotype generated. Describe-any-experiments used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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