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The Health for Life in Singapore (HELIOS)
Study: delivering precision medicine
research for Asian populations
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Asian people are under-represented in population-based, clinical, and geno-
mic research. To address this gap, we have initiated the Health for Life in
Singapore (HELIOS) longitudinal cohort study, comprising comprehensive
behavioural, phenotypic, and genomicmeasurements from 10,004 Asianmen
and women of Chinese, Indian or Malay background. Phenotyping has been
carried out using validated approaches, that are internationally interoperable.
Health record linkage enriches both baseline phenotyping and evaluation of
prospective outcomes. The integrated multi-omics data include whole-
genome and RNA sequencing, quantification of DNA methylation, and meta-
bolomic profiling. Our data reveal extensive lifestyle, physiological, genomic,
and molecular diversity between the distinct Asian ethnic groups, and the
biological interconnectivity between functional layers. This includes char-
acterisation of divergent patterns of genome regulation between Asian indi-
viduals, that correlate with differences in educational attainment, dietary
quality, and adiposity, and which overlap transcription factors and DNA
methylation sites linked to the development of diabetes and other chronic
diseases. Our unique HELIOS Asian Precision Medicine cohort study repre-
sents a state-of-the-art platform to enable biomedical researchers to under-
stand the aetiology and pathogenesis of diverse disease outcomes in Asia, and
to generate insights that have the potential to improve health outcomes for
Asian populations globally.

Age-related chronic diseases such as diabetes, cardiovascular and
respiratory diseases, cancer, and cognitive decline are leading causes
of morbidity and mortality across all regions of the world1. Driven by
demographic transitions, increasing urbanisation, and adoption of
unfavourable lifestyle choices, the Asia Pacific region in particular is
facing a rapid increase in chronic disease burden that contrasts
stable or falling disease rates in Europe and North America2. There
are already 296 million Asian people living with diabetes, and this is
expected to rise to 412 million by 20453. Cardiovascular disease
(CVD) deaths in Asia have nearly doubled from 5.6 million in 1990 to
10.8 million in 20194. Addressing the rising burden of these major
chronic disorders in Asian populations is a high priority for national

and international stakeholders, including policymakers and health-
care providers.

Chronic diseases are complex and multi-factorial, and arise
through the interaction of lifestyle, environment, and genomic
factors5. Longitudinal population studies, in which people are char-
acterised at baseline and followed up over time for health outcomes,
play a unique role in identification of the proximal and upstream
processes and aetiological mechanisms underlying chronic disease.
However, existing prospective cohort studies with comprehensive
phenotypic and particularly genotypic measurements are pre-
dominantly based on populations of European ancestry6–8. This not
only represents an important global health inequity, but also a major
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opportunity for discoveries relevant to the health of the ~4.8 billion
Asian people living worldwide9,10.

Singapore, a city-state in Southeast Asia, is home to 5.6 million
people, most of whom are of Chinese, Malay, or Indian ancestries. The
presence of these three population groups living side-by-side, pro-
vides a unique opportunity to explore the diverse lifestyle and genetic
profiles of people from East Asia, Southeast Asia, and South Asia, and
to relate these to health trajectories. Endowed with highly advanced
healthcare and research infrastructure, Singapore is ideally positioned
to advance precision medicine and population health research, rele-
vant to global Asian communities.

Here we describe the motivation, design, and early results of the
Health for Life in Singapore (HELIOS) Study, a longitudinal population
resource focussed on understanding the diseases and health states
that are important to Asian populations. We show how the HELIOS
Study combines state-of-the-art clinical, molecular, and genetic epi-
demiological approaches, enriched with information derived from
national health data, and highlight the extensive opportunities for
transformative research. Our companion papers describe specific
discoveries and innovations achieved using the study data, including
findings directly relevant to health outcomes of people living in
Asia11–13.

Results
We recruited 10,004 Asianmen and women aged 30 to 84 years to the
HELIOS Study between 2018 and 2022 (www.healthforlife.sg). Partici-
pants were recruited from the Singapore general population11,13,14. The
cohort includes 6784 people who identified as Chinese or other East
Asian background, 1807 peoplewho are of Indian or other South Asian
background, and 1354 people of Malay or other South-East Asian
heritage. There were 59 participants from other ethnicities (Supple-
mentary Data 1). Compared to national averages in Singapore, our
cohort has a higher proportion of women, lower cigarette smoking
rates, and greater total years in education amongst study participants.
However, the prevalence rates for diabetes, hypertension, hypercho-
lesterolemia and obesity among HELIOS participants approximate
those reported in national statistics, indicating a minor healthy cohort
effect overall (Supplementary Data 2). Figure 1 briefly summarised our
study design.

Disparities in health outcomes amongst Asian populations in
Singapore
Despite similar age and sex distributions, our three Asian ethnic
groups exhibit distinct profiles for health, including disease burden
and distributions for clinically relevant exposures and endopheno-
types. We highlight that Indian and Malay participants have a higher
prevalence for hypertension, obesity, and type 2 diabetes (T2D),
compared to Chinese participants, and a higher frequency of symp-
toms for depression and anxiety. Waist circumference, waist-to-hip
ratio, and visceral fat mass are also highest in Indian andMalay people
(Supplementary Data 1). This is accompanied by increased levels of
triglycerides, haemoglobin A1c (HbA1c), fasting plasma glucose, insu-
lin, C-reactive protein (CRP) and other traits related to adiposity and
insulin resistance (Supplementary Data 1). The health disparities in
major chronic conditions observed between the ethnic groups in our
study mirror the health differences seen between the populations of
China, Malaysia and India (Supplementary Data 3). We also find evi-
dence for differences in healthcare reach, across a wide range of
actionable disease diagnoses. For example, compared to Chinese,
Indians and Malays were more likely to have undiagnosed diabetes,
while undiagnosed osteoporosis was common in all ethnic groups
(Supplementary Fig. 1). These illustrations provide insights into the
potential health gains that might be achieved through improved
uptake and reach of healthcare interventions in our multiethnic Asian
population.

Behavioural and upstream exposures relevant to chronic dis-
ease in Asian populations
Our study design enables exploration of ‘upstream’ behavioural,
environmental, and social factors relevant to health in Asian commu-
nities. As an initial illustration, we show that density of food related
amenities and the ratio of public to private housing correlate closely
with the prevalence of diabetes in our cohort, a key exemplar of major
chronic disease risk in the population (r = 0.5 and 0.5, respectively;
P <0.05, Fig. 2). Self-reported food intake of study participants shows
divergent consumption of food items, nutrient composition, and dif-
ferences in diet quality indices between the ethnic groups, that align
closely with traditional Asian dietary habits (Fig. 3a–d). While diet
quality scores are associated with multiple cardiovascular and meta-
bolic phenotypes within our Asian population groups, we highlight
that dietary habit does not fully explain the differences between the
ethnic groups. For example, while ‘favourable’ DASH (dietary approa-
ches to stop hypertension) dietary quality score is highest amongst
Indians, this directly contrasts with their high rates of obesity and
adverse metabolic profiles compared to Chinese participants
(P < 2 × 10-6). Similarly, both self-reported and accelerometer-based
objective measurements identify that total physical activity is higher,
amongst Indians and Malays, despite their unfavourable patterns of
adiposity and metabolic performance (Fig. 3e–h and Supplementary
Data 1, P < 2.2 × 10-16). Our data thus reveal striking variation between
communities in behavioral, environmental, and social factors impor-
tant for health. Interestingly, while our results confirm expected rela-
tionships with key clinical traits within ethnic groups, they do not fully
explain health differences between populations. Our observations
provide a strong motivation for deeper clinical and molecular epide-
miological research focused on Asian populations.

DNA sequence variation and functional genomic diversity
The disparate clinical profiles across the three ethnic groups are mir-
rored by extensive and structured covariation inmolecular genotypes.
Whole-genome sequencing (30x depth) reveals 252 million variants,
including 239.7 million autosomal variants with 206.1 million Single
Nucleotide Polymorphisms (SNPs) and 33.6 million short indels
(Fig. 4a). Principal Component Analysis (PCA) and admixture analysis
helped identify and cluster the dataset into three distinct population
clusters corresponding to people of Chinese, Indian orMalay ancestry,
as well as individuals who were admixed (Fig. 4b and Supplementary
Fig. 2). The majority of variants identified are rare (minor allele fre-
quency, MAF < 1 %; 95% and 90% of autosomal SNPs and short indels
respectively), while greater than 50% of variants were observed only in
one of the populations. Functional annotation using Variant Effect
Predictor (VEP)15 identifies 1,530,701 coding variants anticipated to
impact protein structure (Supplementary Data 4). Among the coding
variants, 1,373,981 are non-synonymous SNPs, 47,976 are stop codon
mutations (stop-gain and stop loss), and 108,744 are indels (frameshift
and non-frameshift mutations, Fig. 4a).

The genetic separation between the ancestral groups provides the
basis for population specific sequence variation and allelic hetero-
geneity with potential clinical relevance, as well as opportunities to
reveal new biological relationships12. As an exemplar, we show that
carrier frequencies for actionable pathogenic variants in the three
primary Familial Hypercholesterolaemia genes (APOB, PCSK9 and
LDLR) differ between the three ethnic groups, and also show allelic
heterogeneity (Supplementary Fig. 3 and Supplementary Data 5). The
frequency of ClinVar supported pathogenic variants is highest
amongst Chinese individuals (0.82%) compared to Malay (0.31%) and
Indians (0.13%). This difference is reduced by inclusion of predicted
pathogenic variants, suggesting under-representation of Malay-
specific variants in curated databases, and consistent with the lim-
ited inclusion of South East Asian populations in global genomic
datasets.
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Polygenic risk scores (PRS) confirm a strong relationship of
genetic variation with quantitative traits and complex diseases, overall
and in each of the three Asian ethnic groups, with little evidence for
heterogeneity of effect (Phet > 0.05, Fig. 4). In contrast to their three-
fold difference in risk of T2D,mean values for trans-ethnic T2D PRS are
comparable between the Asian subgroups (Mean [SD]: Chinese, −0.03
[0.98];Malay, 0.03 [0.99]; Indian, 0.09 [1.07]; ANOVA P =0.0001; Fig. 4
and SupplementaryData 6). Similarly, there is no systematic difference
in effect allele frequency, or weighted effect allele frequency between
thepopulations (Supplementary Fig. 4). Basedon thedifference inT2D
PRS between the populations, and the observed risk ratios for T2D, we
estimate that the small increase in PRS observed in Indian and Malay
populations accounts for only ~5%of their three-fold excess risk of T2D
compared to Chinese participants (Indians: 5.7 [95%CI: −1.3 to 12.6]%;
Malay: 3.1 [95%CI: −5.4 to 11.6]%, Supplementary Methods). Although
we cannot exclude residual confounding based on differences in LD
structure, our results suggest that the genetic factors identified by
current trans-ethnic genome-wide association studies do not make a
material contribution to the higher risk of T2D observed amongst
Indian andMalay individuals, compared to people of Chinese ancestry.

Quantification of DNA methylation in genomic DNA from whole
blood (N = 837,722 CpG sites), as a marker of genomic regulation,
reveals 16,444 unique CpG sites that are highly differentiated between

the three Asian ethnic groups (P < 2.9 × 10-8). These population specific
methylation disturbances are enriched for location in DNase hyper-
sensitivity sites (DHS), histonemarks, enhancer and promoter regions,
indicating ethnic specific patterns of genome regulation (Supple-
mentary Fig. 5a and Supplementary Data 7). The population-stratified
methylation markers are enriched for location in the binding sites for
specific, documented transcription factors across multiple cell lines
(Supplementary Fig. 5b and Supplementary Data 8). These include
Pleiomorphic Adenoma Gene 1 (PLAG1) and Eleven-Nineteen Lysine-
Rich Leukaemia Protein (ELL) (both P < 10-4, Supplementary Data 9).
PLAG1 is a nuclear transcription factor subject to maternal
imprinting16, and which is implicated in pancreatic genesis, insulin
secretion, and diabetes in neonates and adult organisms. We also note
that the ethnically divergent methylation patterns strongly overlap
CpG sites that predict future diabetes, providing evidence for nuclear
regulatory disturbances that may contribute to the divergent meta-
bolic outcomes observed between ethnic groups (Supplemen-
tary Fig. 5c).

We used PCA to explore potential processes driving genome
regulation in the population. We show that the perturbations in DNA
methylation are enriched for association with multiple aspects of
dietary intake, including the Alternate Mediterranean Diet (aMED),
DASH and the Alternative Healthy Eating Index (aHEI) diet quality

Fig. 1 | Overview of participant recruitment, data and biospecimen collection, and linkage. DEXA dual energy X-Ray absorptiometry, ECG electrocardiogram, OCT
optical coherence tomography, OCTA optical coherence tomography angiography. This figure was created in BioRender https://BioRender.com/gtyffu3.
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scores, adiposity and cardiometabolic health, based on directly mea-
sured exposures (P <0.0015, based on Bonferroni correction for an
estimated 32 independent phenotypes, Fig. 5, Supplementary Fig. 6,
and Supplementary Data 10), supporting an important effect of
environmental exposures on genomic regulation, independent of
genetic effects. The perturbations in DNA methylation were also
associated with educational attainment and adiposity based on
genetically inferred exposures. Directly measured and genetically

inferred relationships of adiposity with methylation were highly con-
cordant. Smoking and alcohol intake were not associated with
methylation PCs in our samples, but we note that these exposures are
of low prevalence in our Asian population (Supplementary Data 11).
Our results thus shine new light on the fundamental roles that these
key modifiable social, behavioural, and physiological factors play, as
primary, interlinked drivers of genomic regulation and health out-
comes in diverse human populations.

e fFood amenities/ area and diabetes cases Public housing and diabetes cases

weighted, adj R2=0.18, p=0.03
Pearson’s r=-0.5, p=0.01

weighted, adj R2=0.18, p=0.02
Pearson’s r=0.5, p=0.02

Fig. 2 | Environment exposure across three populations. a The Singapore
population density across planning area overlayed with HELIOS study participant
postcode; b The distribution of diabetes cases; c The distribution of food ame-
nities, including hawker centres, shopping malls, restaurants, and convenience
stores; and d the ratio of public/ private residence, overlayed with public parks,

connectors, and nature reserves. The built environment has impact health out-
comes, as illustrated by the correlations of diabetes case proportions and e the
density of food amenities/ area, and f the public/private residence ratio, weighted
by population numbers.
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Metabolic variation in Asian populations
Metabolomic profiling of plasma by high-throughput semi-quantita-
tive mass spectrometry enabled us to quantify plasma concentrations
of 1073 discrete metabolites. We show that dietary patterns of our
Asian participants intersect closely with their metabolic variation,
enabling identification of metabolite sets that are representative of
Asian dietary patterns; these associate closely with perturbations in

regulatory pathways, and predict multiple chronic diseases13. We also
find that 153 of the 1073 plasma metabolites characterized show
marked divergence between all three Asian ethnic groups (P < 1 × 10-5,
Fig. 6a and Supplementary Data 12); of these, 128 metabolites are of
known identity. In general, amongst the 153 highly differentiated
metabolites, Indians and Malays had lower levels of lipid metabolites,
independent of cholesterol lowering treatment, and higher levels of
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amino acids and nucleotides compared to Chinese (Fig. 6b, Supple-
mentaryData 12, and SupplementaryData 13). 63% of lipidmetabolites
were inversely associated with the presence of hypertension, obesity,
T2D, or CVD (P < 4.7 × 10-5), and 16% were inversely associated with all
four phenotypes. Age, sex, genetic ancestry, diet, and bodymass index
(BMI) were each determinant of plasma concentrations for the highly
differentiated metabolites (Fig. 6c), but with substantial differences in
their contribution on a metabolite specific basis. For example, BMI
accounted for 18% of the variation in glutamate, while age accounted
for 20% of the variation in the androgenic steroid dehydroepian-
drosterone sulphate. Strong effects for genetic ancestry on metabolic
variation were seen for 1-margaroyl-2-arachidonoyl-GPC (17:0/20:4), a
phosphatidylcholine derived from eggs, fish, and meat17–19. We show
that concentrations of this metabolite are positively associated with
self-reported intakes of red meat (P = 5.3 × 10-57), fish (P = 6.5 × 10-38),
dairy (P = 1.4 × 10-20), and poultry (P = 1.1 × 10-17). Levels are also asso-
ciated with chapati consumption, which is common in Indian com-
munities (P = 1.6 × 10-3). Circulating 1-margaroyl-2-arachidonoyl-GPC
levels are strongly influenced by genetic variants in the FADS1/FADS2

gene cluster, a highly pleiotropic region that is linked to multiple
lipids, cardiometabolic, inflammatory traits, skin diseases and preg-
nancy outcomes20. FADS1/FADS2 variants are also known to be strati-
fiedbetweenAsianpopulations, and recognised to influencemetabolic
responses to dietary intake, andmay provide the basis for genomically
determined ‘Precision Nutrition’20. Our observations further highlight
the important roles for both genetic and lifestyle factors in driving
divergent metabolite profiles and health outcomes amongst Asian
people.

Diversity of gene expression in Asian populations
Quantification of gene expression from whole blood using RNA
Sequencing (N = 12,434 genes) identified 2972 genes that are differ-
entially expressed across the three ethnic groups (P < 1.34 × 10-6,
Fig. 7a–c, Supplementary Data 14). 13 genes showed differential
expression across all three pairwise comparisons. These include ASNS,
NSF and SCRN1 (Effect size (average difference in gene expression per
groupmeasured in standardized transcripts permillion [TPM]): 0.22 to
0.36, P < 1.34 × 10-6). Gene set enrichment analysis identified that these

Fig. 3 | Lifestyle factors across three populations. a Longitudinal changes in
macronutrient trends nationally from 1998 to inception of HELIOS study in 2022
(n = 10,004). Ethnic variations in b macronutrients (proportion to total energy
intake,n = 8119), cdiet quality represented by amodifiedDASH score (range from0
for lowquality to 35 for high quality, data points representmeanDASH score; error
bars represent standard errors, n = 8119) and d top 20 FFQ foods (servings/day)
significantly different across ethnicities within HELIOS study. e Physical activity
(data points represent mean total MET-minutes per week; error bars represent
standard errors, n = 8119) and f Accelerometer-based physical activity according to
the levels of self-reported physical activity (R =0.23, two-sided p = 1.7 × 10-11 from
Kruskal-Wallis rank sum test). g The proportion of people who meet the WHO

guideline of physical activity by ethnicity and the proportion of physical activity
across different domains (n = 7853). h The relationships between lifestyle factors
and cardiometabolic phenotypes are heterogeneous across ethnic groups. Data
points represent the coefficients derived from linear regression model; error bars
represent 95% confidence intervals, n = 7307. The associations of DASH with DBP
were similar to those with SBP, the effect size were: β(SE)DASH->SBP = −0.04 (0.03) in
Indian group, compared to −0.02 (0.01) and −0.01 (0.03) in Chinese and Malay
groups). DASH dietary approaches to stop hypertension, IPAQ International Phy-
sical Activity Questionnaire, MET metabolic equivalent of task, MUFA mono-
unsaturated fat, PUFA polyunsaturated fat, SE standard error, SFA saturated fat,
WHO World Health Organization.

Fig. 4 | Genomic variation in Asian Populations. a Number of variants annotated
in each functional coding mutation category, by ancestry. The darker shades
indicate unique variants observed only in the specific ancestry. b 2-dimensional
PCA genomic variants by ancestry group. c Distribution of PRS scores for six
complex traits in the three major ancestry groups. Comparison across the three
ancestries was done using two-sided ANOVA test. d Forest plot displaying

association PRS scores with hypertension (n = 8237), obesity (n = 8269), type 2
diabetes (n = 8244), coronary artery disease (n = 8261), depression (n = 8361) and
osteoporosis (n = 8261) by ancestry group, and overall [C: Chinese, M: Malay, I:
Indian]. Data points represent odds ratios; error bars represent 95% confidence
intervals. Two-sided P-value was calculated using logistic regression. ANOVA Ana-
lysis of Variance, PCA Principal Component Analysis, PRS Polygenic Risk Scores.
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2972 stratified genes are enriched in inflammatory processes, aswell as
thermogenesis and COVID-19 susceptibility (FE: 1.9 – 3.3, P < 1.5 × 10-4,
N = 34–82 genes, Fig. 7d and Supplementary Data 15). We also
observed enrichment for neurological disease associated gene sets
such as Amyotrophic lateral sclerosis, Alzheimer’s disease, Huntington
disease and Parkinson’s disease (FE: 1.67–1.75, P < 8 × 10-6, N = 66–94
genes, Supplementary Data 15). Genomic association analysis of the
2972 genes differentially expressed between populations identified
that 1177 are influenced by cis-acting genetic variants significantly
(P < 3.1 x 10-9). Amongst these, we identify cis-eQTLs for 76 genes (44
protein coding) that are not reported in the largest publicly available
blood based eQTL database, eQTLgen21. The strongest identified
eQTLs were for NBPF8 (P = 2.57 × 10-131) and TMEM126A (P = 9.74 × 10-63,
Fig. 7e). We also identify eQTLs for TXNIP (rs7212, P = 1.97 × 10−15,

Fig. 7e), encoding a major regulator of cellular glucose uptake. Epi-
genomic regulation of TXNIP is closely associated with future T2D in
Asian populations22,23. Our observations further highlight the oppor-
tunities to reveal new biological insights through our multi-molecular
Asian Precision Medicine datasets.

Potential for discovery through molecular epidemiological stu-
dies of Asian populations
The clinical, molecular, behavioural, and environmental diversity
between the Asian ethnic groups provides robust new opportunities
for discovery relevant to human biology and health outcomes. To
illustrate this, we carried out genome-wide association of the 153
ethnically diverse plasma metabolites. We identify 365 independent
genetic variants in 140 genomic loci, that are significantly associated

Fig. 5 | PCA plots of DNAmethylation levels at 16,444 CpG sites that are highly
stratified between our Chinese, Indian and Malay Asians, and ‘exposomic’
assessment of the associations of these stratified markers with measured and
genetically inferred exposures. a–c Display the methylation diversity for indivi-
duals from the three ethnic groups (PC1 on x axis, and PC2 on y axis). Overlaid are
the effect sizes of the measured and genetically inferred exposures that are asso-
ciated with PC1 and PC2 of the DNA methylation (two-sided P <0.0015 multiple
testing correction for 32 independent tests; all exposures are Z-standardised to
enable comparison of effect sizes); a clinical traits; b dietary exposures assessed
objectively by circulatingmetabolites. Specifically, fermented rice/lentil items refer

to idli and thosai. c Polygenic Risk Scores (PRS). The beta weights for PC1 and PC2
are scaled along the top x-axis and the right y-axis respectively. The results identify
the directly measured and genetically inferred exposures that may relate to
population level epigenetic variation between Asian ethnic groups. d The effect
sizes and the directions for the beta coefficients derived from regression analysis of
measured and genetically inferred exposures on PC1 to PC5 (Variance explained as
percentage of top 100 variance components; PC1 – 17.6%, PC2 – 9.9%, PC3 – 5.1%,
PC4 – 2.2%, PC5 – 2%, two-sided P <0.0015 multiple testing correction for 32
independent tests). *P <0.05, **P <0.0015. CIMT carotid intimamedia thickness,
PCA Principal Component Analysis, WHR waist hip ratio.
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with 113 metabolites at a genome wide significance threshold
(P < 5 × 10-8) (Fig. 8a).We observe a strong degree of genetic pleiotropy
at multiple loci, in particular the FADS1/FAD2 gene locus which was
associated with 39 metabolites (Fig. 8b). Summary-data-based Men-
delian Randomisation (SMR) analysis of metabolites with cis-eQTLs
identified 1176 significant gene-metabolite pairs after multiple testing
correction (P < 4 × 10-5), comprising 585 genes and 104 metabolites
(Supplementary Data 16). We were able to replicate 166 gene-
metabolite associations and identify 51 additional associations using
cis-eQTL information obtained using the HELIOS transcriptomics data
(Supplementary Data 16 and Supplementary Data 17). Colocalization

analysis reveals shows that 79 of these gene-metabolite pairs are likely
to share a common causal variant (coloc-H4 P >0.7). This includes the
finding that plasma concentrations of dopamine 3-O-sulfate are influ-
enced by genetic variants at the cis-eQTL locus for SMAD5, a tran-
scriptional regulator protein involved in the TGF-Beta pathway
(Fig. 8c) and implicated in the development of dopaminergic
neurones24. Similarly, variation in plasma levels ofmetabolite X-11381 is
determined by genetic variation found at the cis-eQTL locus for
Nephrocystin 4 (NPHP4, Fig. 8d), which plays an important role in renal
tubular development and function. X-11381 is also associated with
raised blood pressure and cardiovascular disease in our cohort (false

a b 

c 

Fig. 6 | Metabolic variation across three populations. a PCA plot of 153 sig-
nificantly differentiated metabolites across three age-sex matched ethnic cohorts
of 1146 individuals each (The first two PCs explain 23% of variation). Selection
criteria for 153 metabolites include: 1) significantly associated with ethnicity in the
discovery cohort (70% participants, two-sided linear regression analysis P < 1 × 10-5

after multiple-test correction), and 2) significantly associated with ethnicity in the
test cohort (30% participants, two-sided test P <0.05 and same direction of esti-
mates as in the discovery cohort). b Circos plot of 128 well-characterized and
knownmetabolites (in sequence fromoutermost to innermost layer): 1) metabolite
super-pathways, 2) significant associationswithHT,Obs, T2D, andCVD, denotedby
a black dot, 3) estimates of regression coefficient for association with ethnicities
(CI: Indian compared to Chinese, CM: Malay compared to Chinese, IM: Malay
compared to Indian). Curved lines at the centre highlight significant pairwise

correlation between metabolites. Grey lines represent pairwise correlations within
the same super-pathway; blue lines represent pairwise correlations across sub-
pathways but within the same super-pathway; green lines represent pairwise cor-
relations across super-pathways. c Violin plot showing contribution (as partial
r-squared values) of age, dietary PCs, BMI, sex, and genetic PCs on variation of
plasma abundance of 153 metabolites in 7546 individuals, with the outline indi-
cating kernel probability density, the width of the shaded area represents the
proportion of data located there. The embedded boxplot shows the median and
interquartile range (box), with whiskers extending to 1.5 times the interquartile
range. The inset plot zooms in on the partial r-squared distribution between
0.0–0.1. BMI body mass index, CVD cardiovascular disease, HT hypertension, Obs
Obesity, PCA Principal Component Analysis, T2D type 2 diabetes.
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discovery rate, FDR– P <0.05; Supplementary Data 12). Our richmulti-
omics data thus provide multiple opportunities to improve under-
standing of the molecular pathways influencing metabolic perfor-
mance and other pathways leading to chronic disease in Asian
populations.

Linkage to national health and administrative records
With participant consent, we link HELIOS research phenotypic data
securely to their national health data, using the NRIC, a unique
national identifier that is held by Singaporean citizens and Perma-
nent Residents. De-identified linked research, health and adminis-
trative data were made available through the Trusted Research and
Real-World Data Utilisation and Sharing Tech (TRUST) platform
(https://trustplatform.sg). National Health and Administrative
Records were identified for 95% of study participants, and include
national disease registry records, disease diagnoses, national insur-
ance claims, medications, laboratory tests, radiology, surgical pro-
cedures, and death registry records from 1998 to 2020. The linked
national health and administrative records for our 10,004 partici-
pants include 1.6 million laboratory test results, 776,505 prescrip-
tions and 131,211 diagnostic episode codes. Using diabetes as a case
study, we show that the national health data recapitulate age strati-
fied, ethnic disparity disease risk, and enable identification of inci-
dent diabetes cases, with greatest risk amongst participants who are
older, obese and impaired fasting glucose (Fig. 9). These linked
national data thus provide deep opportunities to extend baseline
health assessment of participants, and to identify future health tra-
jectories, including incident disease.

Reproducibility of measurements
We demonstrate the reproducibility of our research phenotypic
characterisation, by carrying out repeat assessment of 398 partici-
pants, one year after enrolment (range 58 to 1073 days). We show
moderate to strong intra-class correlations for measures made, in all
domains of assessment, a performance that is similar to or better than
those reported by UK Biobank25 and other major population studies26.
In general, objective physiological measurements were more repro-
ducible than self-reported lifestyle and cognitive measurements
(Fig. 10 and Supplementary Data 18). High data completeness and
reproducibility further support the validity of our unique multiethnic
Asian dataset.

Discussion
Asian populations are widely recognised to be under-represented in
global genomic andhealth-related researchcohorts, compared to their
European counterparts. This represents an important impediment to
identification of the population specific behavioural, environmental,
genomic, and molecular exposures and processes that impact Asian
health. The limited ethnic diversity of existing population studies also
represents a major obstacle to the development of effective and
evidence-based approaches for accurate diagnosis and therapeutic
intervention, that address the health needs of Asians.

To advance beyond current state-of-the-art, we have established
the HELIOS Study, a deeply phenotyped, longitudinal population
cohort comprising 10,004 men and women from the multi-ethnic
Asian population of Singapore. Our participants underwent extensive
clinical, behavioural, environmental, and molecular characterisation,

Fig. 7 | Transcriptomic variation across threeAsianpopulations.Volcanoplot of
differential gene expression across the three Asian populations in a pairwise
comparison between Chinese and Indians (a), Chinese and Malays (b), and Indians
andMalays (c) after adjusting for Age, Sex, RIN and top six PEER factors. The x-axis
is the effect size estimate of association per standard deviation change in gene
expression and the y-axis is the two-sided log10P value of the association from the
regression model. d Gene set enrichment analysis of the 2972 unique differentially
expressed genes in at least one pairwise comparison across populations. Enrich-
ment was performed using gprofiler2 tool in three pathway databases (Kyoto

Encyclopedia of Genes and Genomes (KEGG), Reactome (REAC) andWiki Pathways
(WP). Each dot is an independent gene set and the y-axis is the one-sided hyper-
geometric P-value of enrichment per gene set. e Regional plots of three cis-eQTLs
identified in theHELIOS cis-eQTLanalyses in 1228 individuals. Thefirst twoplots are
the top two strongest associations (NBPF8 and TMEM126A) and the last one is for
the TXNIP gene identified as an important gene linked to diabetes via DNA
methylation in the Asian population. The y-axis in the regional plots represents the
–log₁₀ of the two-sided P-value from the cis-eQTL regression analysis.
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adopting techniques that are validated, aligned to best practices, and
directly interoperable with international precision medicine cohort
studies. The HELIOS Study includes people of Chinese (East Asian),
Malay (Southeast Asian) and Indian (South Asian) background with
heterogeneous lifestyle behaviours, genetic background and health
outcomes. The inclusion of these three major Asian ethnic groups
provides an opportunity for precision medicine research, that has the
potential for relevance beyond Singapore, and across the wider Asia-
Pacific region. The clinical characteristics of the cohort are broadly
representative of the population from which they were recruited and
are notable for the high rates of diabetes and related metabolic dis-
turbances, that are recognised to be highly prevalent amongst Asian
people.

We observed patterns of dietary quality in Indian Asians, com-
pared to Chinese and Malay participants that are anticipated to be
favourable for health outcome. This contrasts with the adverse cardi-
ometabolic health outcomes, including diabetes and coronary artery
disease that are well documented amongst people from Indian ethnic
groups. This implies that dietary scores such as aHEI, DASH and aMED,
that have been developed in North American and European settings
may not accurately identify disease outcomes amongst Asians popu-
lations. Our observation illustrates the need for Precision Nutrition
studies that are focussed on Asian communities, and the potential
opportunities for transformational insights from the HELIOS

programme of research. Our multi-ethnic, longitudinal population
study will enable us to bring better understanding of behavioural
choices in Asia, and their links to health outcomes. As an example, our
complementary studies using the HELIOS data, show how metabolite
variation provides a quantitative measure of dietary habit, and the
potential for an objective framework that can support Precision
Nutrition in Asian populations13.

Whole genome sequencing demonstrates the genetic diversity of
the population. While the majority of individuals cluster in one of the
three main ancestral groups, there is also evidence for recent popu-
lation admixture between each of these three groups. We show that
known genetic variation identified by large trans-ethnic genome-wide
association studies, does not explain the three-fold excess risk of T2D
in Indian and Malay individuals. Nevertheless, the unique multi-ethnic
population genetic architecture provides the basis for the presence of
functionally and clinically relevant DNA sequence variation, that is
specific to Asian subgroups. We observed a larger number of unique
SNPs and short INDELs in the Chinese population, compared to the
other two groups, which is likely attributed to the larger sample size
for people of Chinese ancestry in the cohort (~68%). Characterisation
and interpretation of this population genetic variation are anticipated
to provide opportunities for new discoveries relevant to disease
aetiology and are also essential prerequisites for the application of
genomic medicine in Asian populations.
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Fig. 8 | Genetic Architecture of Molecular Traits. aManhattan plot for summary
of all associations between plasma metabolite levels and genetic loci (N = 8234).
Only genetic variants with P < 5 × 10-8 (two-sided test in linear mixed regression
model) are coloured based on the strongest associated metabolite group for the
specific variant. Genes for top 50 loci identified through SMR are annotated.
b Distribution of number of associated metabolites per locus, demonstrating the
pleiotropy of genetic effects on metabolites. The loci with at least 5 associated

metabolites are annotated with the SMR associated gene. c Regional plot high-
lighting the shared causal variant between Dopamine 3-O-sulfate and SMAD5.
d Regional plot highlighting the shared causal variant between X-11381 and NPHP4.
The y-axis in the regional plots represents the –log₁₀ of the two-sided P-value from
the GWAS analysis. GWAS Genome-Wide Association Study, SMR Summary-data-
based Mendelian Randomisation.
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Our comprehensive characterisation of study participants is spe-
cifically designed to capture a wide spectrum of exposures relevant to
health, as well as to reveal the systems biology that links these expo-
sures to phenotypic variation and health outcomes in Asia. In keeping
with this approach, we demonstrate the presence of variation in gen-
ome regulation and metabolic performance between the three Asian
ethnic groups. For example, we identify extensive, ethnic-specific
perturbations in DNAmethylation that intersect with PLAG1, a nuclear
transcription factor linked to pancreatic biology and diabetes27, which
overlay CpG sites that are linkedwith obesity and diabetes28, mirroring
the divergent metabolic outcomes between ethnic groups. Stratified
genomic regulation correlates with socio-economic factors, popula-
tion specific dietary habits, physical activity, adiposity, and genetic
diversity; these observations shine new light on the fundamental roles

that social, behavioural, and inherited factors play as interlinked dri-
vers of health outcomes in diverse human populations.We further use
metabolomic profiling to demonstrate extensive variation in metabo-
lite concentrations between our Asian groups, that reflects their spe-
cific patterns of diet, the differing levels of adiposity, the presence of
genetic variation and transcriptional control. In parallel, metabolite
profiling of our unique Asian population cohort has enabled identifi-
cation of previously unrecognised pathways underlying cholesterol
transport and cardiovascular risk, and potential opportunities for
novel therapeutic approaches to cardiovascular disease prevention12.
We note that for downstream analysis such as SMR and Colocalization
with gene expression data, the publicly available large-scale datasets
such as eQTLGen are dominated by samples from individuals from
European ancestry, which could lead to biased results. To address this
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Fig. 10 | Reproducibility of measurements between baseline and repeated
measures in HELIOS. Spearman correlation analyses were used to calculate the
correlation coefficients between z-scored baseline and retest measurements
(N = 398). Correlations are presented as box plots, where the upper bound marks

the 75th percentile, and the lower bound marks the 25th percentile. BP blood
pressure, DEXA dual-energy X-ray absorptiometry, ECG electrocardiogram, FFQ
food frequency questionnaire, HR heart rate, IPAQ International Physical Activity
Questionnaire.
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potential concern, we show replication of the majority of the
metabolite-gene associations using eQTL data generated from our
Asian participants of the HELIOS Study.

Linkage to national health data relevant to health provides pow-
erful opportunities to enrich baseline phenotyping of participants in
population-based cohorts, as well as to identify longitudinal health
outcomes efficiently and accurately. Longitudinal population cohorts
in Europe andNorth Americahave a long tradition of successful record
linkage that has accelerated health-related research in these settings.
In contrast, record linkage has been uncommon amongst the available
Asian population cohorts, reflecting both limited implementation of
national health data, as well as the nascent state of regulatory frame-
works to enable safe data integration. Here we demonstrate the ability
to achieve linkage to health and administrative records amongst the
multi-ethnic Asian populations of Singapore, using a secure platform
for linkage, deidentification and analysis, hosted by the Singapore
Ministry of Health (the TRUST platform). We use this framework to
retrieve extensive medication, laboratory, and diagnostic data for our
study participants. With diabetes as a use case, we demonstrated the
ability to identify accurately people with diabetes both cross-
sectionally and prospectively, and to show expected longitudinal risk
relationships. This successful approach to secure record linkage is
unrivalled in the Asia Pacific region and will be instrumental in
advancing the research goals of the study, for the benefit of Asian
people living in Singapore and other global settings.

With rich, multi-layered baseline data and long-term follow-up
through linkage, the HELIOS Study provides a world class resource for
biomedical researchers from awide range of disciplines, to investigate
the behavioural, environmental, genomic, and molecular factors
impacting health inAsianpopulations, with a level of detail thathasnot
been previously possible. The successful approaches to population-
based research established in the HELIOS study also provide the
blueprint for ongoing efforts to create a precision medicine cohort
comprising 100,000 people, the SG100K population study, to enable
national efforts to advance precision medicine for Asian populations.

Methods
The HELIOS Study is a prospective population-based cohort, com-
prisingmen andwomen aged 30 to 84 years, living in Singapore (www.
healthforlife.sg, https://www.instagram.com/heliossg100k/, https://
www.facebook.com/HELIOSSG100K/, IRB approval by Nanyang Tech-
nological University: IRB-2016-11-030). Study design was informed by
initial pilot studies (N = 184, recruited between January 3, 2018 and
March 21, 2018, Supplementary Data 19), which enabled development
of community engagement and involvement activities, study proto-
cols and training programs. Participants were recruited between April
2, 2018 and January 7, 2022. Assessment of reproducibility was carried
out in 398 participants (recalled between September 3, 2019 and Jan-
uary 28, 2022, Supplementary Data 20 and Fig. 10). The study is a
template for future efforts with increased sample size (SG100K, target
100,000 participants).

Recruitment. Study participants were recruited from the Singa-
pore general population through a range of community outreach
programs to ensure participation from ethnic minority groups, as well
as people across socio-economic groups. Community engagement
included language-specific recruitment drives conducted in the wor-
ship places, religious associations, and community associations across
Singapore; multilingual study advertisement and documents (English,
Chinese, Malay, and Tamil); and collaboration with a range of
employers and occupational groups. Individuals were excluded if they
were pregnant or breastfeeding, or had acute illness, major surgery
within the previous 3 months, current participation in a drug trial, or
cancer treatment in the past year.

Consent. HELIOS asks permission fromparticipants to use the data
and samples that they contribute, for clinical and molecular

epidemiological research focussed on improving human health. This
includes the application of ‘untargeted’molecular profiling techniques
that assess genomic, proteomic, transcriptional, metabolomic and
other ‘omic’ variation in the biological samples collected. Participant
consent also includes permission for linkage to disease registers,
medical records, social care datasets and other health-related datasets
held by Singapore’s public bodies. Linkage is enabled by the Singapore
NRIC, a unique national identifier allocated at birth, and with universal
coverage. Consent provides permission for use of the data and sam-
ples from participants, by both academic and industry researchers,
and for recontact of participants, including recontact based on phe-
notypic or genotypic characteristics. The HELIOS Study operates
under the governance framework of the Nanyang Technological Uni-
versity, and with Institutional Review Board approval (Ref: 2016-
11-030).

Baseline examination. At enrolment, participants complete a
comprehensive physiological, clinical, and behavioural assessment,
carried out in a single visit (Supplementary Data 21). The electronic
health and lifestyle questionnaires collect demographic, lifestyle,
reproductive history, and other potentially health-related information.
In addition, a broad range of physiological measurements, including a
state-of-the-art imaging module comprised of a 3-D carotid ultra-
sound, dual energy X-ray absorptiometry (DEXA) scans for bone den-
sity and body composition, and comprehensive optical imaging, are
performed. These imaging technologies will enable the identification
of pre-clinical disease phenotypes that will aid prognostic and pre-
ventative research. Participants also complete a physical fitness test
andhave physical activitymonitored using accelerometer devices over
a 7-day period. Biological samples (blood, urine, saliva, stool, and skin
tapes) are also collected. The assessment process, biological samples
collection and storage, quality management, return of assessment
findings, ethics and data security are described in detail in Supple-
mentary Methods.

Follow-up. TheHELIOS Studywill follow up participants long-term
to identify any event of interest. This design allows the investigation of
the causes and nature history of a broad range of diseases and health
conditions. Participants enrolled in the HELIOS Study will be followed
up through routine health record linkage, re-contact with participants,
Singapore Cancer Registry, Ministry of Health, and Health Promotion
Board records, where available, for medical records, ongoing beha-
viours and built environment exposure.

Analysis of biological samples
Clinical chemistry. This includes assessment of fasting glucose,
insulin, and lipid profile, as well as HbA1c and CRP. Fasting glucose,
HbA1c and lipid profile were measured from fasting blood samples by
the accredited laboratory (QuestLab, Singapore, SAC–SINGLAS ISO
15189:2012). Fasting insulin and CRP were measured with immu-
noassays using the ADVIA Centaur XPT Immunoassay System and
ADVIA 1800 Chemistry System, respectively (Siemens Healthcare,
Erlangen, Germany).

Whole Genome sequencing (WGS). Whole genome sequencing was
carried using the Novaseq platform, with data processing using DRA-
GEN v3.7.8. Individual sample Variant Call Format (VCF) files were
transformed into HAIL matrix tables29. Multi-allelic sites were effi-
ciently split into multiple rows of bi-allelic sites, ensuring a compre-
hensive representation of the genetic variation. Samples weremerged
in batches of 1000, to create a unified HAIL matrix table representing
the sample cohort,with 258,062,302genetic variants. Stringent variant
and sample quality control (QC) parameters were employed to ensure
the accuracy and reliability of the genomic data. These included a
number of q30_bases (threshold 77.5GB high quality bases), as well as
ratios for transition /transversion, heterozygous/homozygous varia-
tion, and insertion/deletion, applying a threshold of 6x Median
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Absolute Deviation (MAD) for each. Samples exhibiting more than 1%
cross-contamination, call rate <95%, autosomal coverage <95% at 15X,
or discordant sex information (reported vs genetically determined)
were also flagged. The QC metrics were added as annotations to the
HAIL Matrix table, which was then converted to a merged VCF file of
10,000 samples. The VCF file was also converted and stored as
PLINK230 binary files to perform downstream analysis.

Methylation profiling. Bisulfite conversion of genomic DNA was per-
formed using the EZ DNA methylation kit (Zymo Research, Orange,
CA), with DNA methylation quantified using the Illumina Infinium
MethylationEPIC BeadChip® array (EPIC) (Illumina, Inc, CA, USA)
according to manufacturer protocols. Bead intensity was retrieved
using theminfi package in R, with a detection P <0.01 used for marker
calling. Of the 846,604 positions assayed by the array, we excluded
markers with call rates <95% (N = 8882). In total 58 samples were
excluded, 2 for array scanning failure, 39 for sex inconsistency and 17
duplicates. None of the samples failed sample call rate (<95%). This left
us with 837,722 CpG sites and 2342 samples for analysis. We analysed
epigenome-wide data in R using minfi and other R scripts, in accor-
dance with the CPACOR pipeline31. In brief, marker intensities were
normalised by quantile normalisation, with white blood cell subsets
imputed32.

RNAseq. RNAseq libraries were prepared using samples of whole
blood (n = 1234) collected in PaxGeneRNA tubes at enrolment. RNAseq
libraries were prepared from at least 1mgof total RNA usingNEBNext®
Ultra™ II Directional RNALibrary Prep (NewEnglandBiolabs, Inc.),with
GLOBINClear (Thermo Fisher Scientific) for depletion of globin gene
RNA and Ribosomal RNA (rRNA). The libraries were sequenced on a
NovaSeq6000, using a paired-end run of 2 x 150bp. We aimed for at
least 30Maligned reads per library (~9Gbof data). Adapter andquality
trimming were performed in TrimGalore33 whereas SortMeRNA was
used for the removal of rRNA34. Alignment to the reference genome
(GRCh38) was done using STAR version 2.7.9a35, followed by quantifi-
cation of reads with RSEM version 1.3.336, which identified a total of
60,708 genes. Gender mismatch check was performed by interrogat-
ing for anomaly across 5 genes – namely XIST, RPS4Y1, EIF1AY, DDX3Y,
and KDM5D. A total of 6 samples had failed this check, resulting in a
total of 1228 samples for downstream analysis. Genes with TPM ≥ 1 and
read count ≥6 in at least 20% of the samples were retained; resulting in
a remaining total of 12,434 genes. Finally, the genes were normalized
using the Trimmed Mean of the M-values (TMM) approach37.

Metabolite profiling. TheMetabolon Global Discovery Panel was used
for untargeted mass-spectrometry-based metabolic profiling of
10,000 fasting EDTA plasma samples. Samples were initially stored at
−80 °C, then thawed, aliquoted, and shipped on dry ice to Metabolon.
Samples were prepared and extracted for assay using four methods:
two separate reverse-phase (RP)/UPLC-MS/MS methods with positive
ionmode electrospray ionization (ESI), RP/UPLC-MS/MS with negative
ion mode ESI, HILIC/UPLC-MS/MS with negative ion mode ESI. All
methods utilized a Waters ACQUITY ultra-performance liquid chro-
matography (UPLC) and a Thermo Scientific Q-Exactive high resolu-
tion/accurate mass spectrometer interfaced with a heated
electrospray ionization (HESI-II) source and Orbitrap mass analyzer
operated at 35,000 mass resolution. Several recovery and internal
standards, and controls (blanks and pooled matrices) were added for
quality control (QC) purposes. Experimental samples were rando-
mized across the platform run with QC samples spaced evenly among
the injections. Five samples failed Metabolon QC standards and were
removed fromanalysis. Peak area-under-curvewas used formetabolite
quantification, and data across inter-day batches were normalized by
median scaling. Data corresponding to (i) 235 samples from a second
visit of the same participant, and (ii) 9 outlier samples (greater than

6 standard deviations from the mean of first and second principal
components) were excluded. Metabolites missing in more than 25% of
the data were removed, and the remaining were imputed with mini-
mum value, then log-transformed and standardized before further
data analysis.

Statistical analyses
Clinical definitions. The clinical conditions were defined as those who
self-reported the conditions or met the following criteria: Hyperten-
sion: i. the International Society of Hypertension (ISH) threshold:
blood pressure ≥140/90mmHg38; ii. ethnicity-specific threshold: blood
pressure ≥123/90mmHg in Indian39; blood pressure ≥140/90mmHg in
all other groups. Obesity: i. WHO Asian threshold: BMI ≥ 27.5 kg/m40; ii.
ethnicity-specific threshold: BMI ≥ 26.9 kg/m2 in Chinese; BMI ≥
23.9 kg/m2 in Indian41; BMI ≥ 27.5 kg/m2 in Malay; BMI ≥ 30.0 kg/m2 in
others. Type 2 diabetes: fasting glucose ≥7.0mmol/L. Cardiovascular
disease: subclinical atherosclerosis defined as presence of athero-
sclerotic plaque or mean carotid intima-media thickness (cIMT) ≥0.8.
Depressive symptoms: Patient Health Questionnaire-9 (PHQ-9) score
≥10. Anxiety symptoms: General Anxiety Disorder-7 (GAD-7) score ≥10.
Osteoporosis: lumbar spine bone mineral density T-score of −2.5
or below.

Comparison between ethnicities. Comparisons between the ethnic
groups were performed using generalized linear models for catego-
rical measurements and linear regression for continuous measure-
ments, adjusting for age and sex. A p-value threshold of P <0.0011
(0.05/44 comparisons) was applied.

Dietary habit and nutrition. Ethnic variations in dietary intakes (foods
and macronutrients) and diet quality (DASH score)42 were assessed
using the validated Food FrequencyQuestionnaire (FFQ)43. Food items
were recorded as servings/day, and macronutrients were expressed in
kcal/day after accounting for type of macronutrients/serving and
weight/portion of each food, and subsequently aggregated to derive %
contribution to total daily energy intake. For macronutrients, % mac-
ronutrient was scaled and visualised as radar plot (R package fmsb)
across ethnicity. For food items, daily servings were log-transformed
and analysed using linear regression, adjusted for age, sex and ethni-
city, with Chinese being the reference. We applied Bonferroni-
Hochberg corrected p-value threshold of P < 1 × 10-100 and selected
the top 20 foods significantly higher inMalay and in Indian subgroups.
Foods were grouped into 4 categories based on animal source or
relevance to ethnicity. For DASH, a modified score was derived from 7
components (fruits, vegetables, wholegrains, nuts and legumes, low-
fat dairy, red andprocessedmeats, and sweetenedbeverages), ranging
from 0 (low quality) to 35 (high quality). Difference across ethnicity
was analysed using linear regressions.

Physical activity. Physical activity in various domains and intensity
levels and sedentary behaviour were derived based on the validated
long International Physical Activity Questionnaire (IPAQ)44. Partici-
pants with at least 150–300min of moderate-intensity or at least
75–150min of vigorous-intensity physical activity or an equivalent
combination of moderate- and vigorous-intensity activity throughout
the week and with at least 2 or more days onmoderate- and vigorous-
intensity activities a week were deemed as meeting the WHO guide-
lines for recommended physical activity45. Accelerometry data were
collected as an optional assessment amongst the first 1000 partici-
pants in the next phase of the HELIOS Study. Participants wore Axivity
AX3 wrist-worn triaxial accelerometer on their non-dominant wrist
continuously for 7 consecutive days, including during sleep. Raw
accelerometry data were calibrated to local gravitational
acceleration46,47 following which movement-related acceleration was
expressed using the Euclidean Norm Minus One (ENMO) metric
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(https://github.com/MRC-Epid). This method has been validated
against energy expenditure in free-living conditions46,47 to generate
meanEuclideanNormMinusOne (ENMO). The data of 867 out of 1000
participants were suitable for analysis. Comparison across ethnicities
were performed using Kruskal-Wallis rank sum and Chi-square tests.

Environment. OneMap APIs (https://onemap.gov.sg) were called
within the R environment to generate the latitude and longitude of
each participant’s postal code and planning area. All geospatial Sin-
gapore data with relevant attribute tables were extracted from the
national open data collection (https://beta.data.gov.sg). The extracted
tables include planning area, population census by subzones; sub-
zones by type of dwelling; and parks and nature reserves. Open-
sourced QGIS v3.32.1 software was used to project geospatial data and
population density. Geospatial tags for shops selling food and bev-
erages and shopping centres, as well as amenities for sustenance, were
extracted using QuickOpenStreetMap plug-ins. OpenStreetMap IDs
representing food amenities (n = 9901) were tagged to the respective
planning area in Singapore using OneMap API. To generate bubble
plots linking environmental factors with disease outcome, the area
(m2) per planning area polygons was calculated to derive population
density using sf and lwgeom package.

Annotation of genetic variants. Variants were annotated using the
VEP tool15, extracting the most severe consequence for each variant.
Potential novel variants present in our dataset were identified after
comparing the dbSNP v156 database48 of all reported variants.

Population structure analysis and clustering. To understand the
genetic structure and stratify our population, we applied strict filters
to the data excluding variants with MAF < 5% (i.e. present in less than
~500 out of the 10,000 genotyped individuals), Hardy-Weinberg
equilibrium (HWE) P <0.1%, sample and variant missingness <2% and
removed variants in the MHC region as well as the Chr8 Inversion
region. Duplicated samples (n = 3) and samples with reported ancestry
labelled as “Others” (non-Southeast Asian [n = 60]) were removed for
the current analysis. Linkage Disequilibrium (LD) based pruning was
performed for the finalfiltered data with an LD-r2 of 0.1within a 200KB
window.Genetic relatednesswas estimatedusing the genome function
to determine the pi_hat estimate for all pairs of individuals in our
dataset. We performed PCA to extract the top 50 genetic PCs fromour
data. Given the complex structure of our data, we use a data-driven
approach to determine and cluster the individuals belonging to spe-
cific ethnic groups. The results of the PCA analysis were used to per-
form K-means clustering (K = 3) to group the individuals into three
super populations (Chinese, Indian and Malay). These ancestry labels
were used to estimate the ancestry-stratified allele frequency file,
which is used as input to run supervised admixture analysis using
SCOPE49. The results from the admixture analysis were used to deter-
mine the 6 final ancestry clusters using a semi-supervised K-means
clustering approach. Additionally, to understand the genetic structure
of our data with reference to 1000 genomes50, we merge the LD
independent SNPs with 1KG data from four super populations and
perform PCA again with the merged set of samples and variants after
applying the same filters as above. All the filtering, PCA, LD and relat-
edness analysis were performed using the PLINK2 tool30 and the
k-means clustering was done using R.

Rare variant analysis. We analysed rare variants in three genes
strongly linkedHypercholesterolemia namely PCSK9, APOB, and LDLR
—using data from the HELIOS cohort. Variants in these genes with a
minor allele frequency (MAF) below 1% in at least one of the three
ethnic groups were selected and annotated using Ensembl’s VEP15. The
most severe transcript consequence was retained per variant. We
classified variants into five pathogenicity-based sets: (i) strict reported

pathogenic (ClinVar: pathogenic or likely pathogenic, excluding
benign/uncertain labels), (ii) permissive reported pathogenic (includ-
ing uncertain significance), (iii) predicted pathogenic (based on con-
cordance across four in silico scores: SIFT <0.05, PolyPhen > 0.85,
ClinPred > 0.5, and REVEL > 0.5), and two combined sets including
both reported and predicted variants (Supplementary Data 5). Carrier
burden per gene was defined as the sum of individual variant dosages,
and individuals were labelled as carriers if burden > 0. Carrier fre-
quencieswere calculatedwithin each group (Chinese, Indian,Malay) as
the proportion of individuals carrying at least one qualifying variant
divided by the sample size of the ethnic group. To assess phenotypic
impact, we compared LDL cholesterol levels (mmol/L) between car-
riers andnon-carrierswithin each variant set and gene, using two-sided
t-tests stratified by statin use.

PRS. Summary statistics for estimating PRS for the genomic and the
epigenomic variation analysis were obtained from the PGS Catalog
(Supplementary Data 6 and 22 respectively)51, selecting the study with
best possible trans-ancestry base data and validation. PRS was esti-
mated using the score function in PLINK230, in each cohort participant
simultaneously, using the same set of PRS-specific genetic variants
which were available in our QC-ed genomic dataset for all ancestries.
We then applied Z-score standardization, to enable relationships to
disease risk, and differences between ancestral groups topresented on
a per standard deviation (SD) scale. This approach facilitates com-
parisons of effect size and ancestry-based risk scores between the PRS
evaluated. The performance of PRS was tested separately for each
ethnic group while adjusting for age and sex, and meta-analysed to
determine trans-ancestry performance. The metrics for performance
include Odd’s ratio, Observed R2 and R2 on the liability scale. For the
PRS used in the methylation analysis, scores were estimated together
for all the individuals with methylation data available.

DNA methylation. We first identified CpG sites that were considered
significantly differentially methylated between any pair of Asian ethnic
subgroups at a p-value threshold of 2.9 × 10-8. This cutoff was obtained
via a two-stepprocess. Firstly, wedefinedepigenome-wide significance
as P < 8.62 × 10-8, which was obtained via permutation testing and is
also close towhatwouldhave beenobtained via Bonferroni correction.
We then performed a second Bonferroni adjustment for the multiple
testing between the three pairs of ethnic subgroups (Chinese versus
Malay, Chinese versus Indian, and Malay versus Indian), which brings
us to P < 2.9 × 10-8. To further assess the relationship between DNA
methylation andmetabolic outcomes, we focused on 315 sentinel CpG
sites that are significantly associated with incident T2D based on our
epigenome-wide association testing performed in age-, sex- and
ethnicity-matched controls in the Translating Omics into A Stratified
approach for preventionof T2D (TOAST) study. As oneof theCpG sites
wasnot found inHELIOS, this left uswith 314CpGsites for the analyses.
DNA methylation was measured using baseline samples collected
before onset of T2D, with primary analysis of epigenome-wide data
performed asdescribed previously in ref. 31. In brief, the association of
each autosomal CpG site with incident T2D was tested using logistic
regression, adjusted for confounders such as age, sex and further
adjusted for imputed white blood cells (WBC) proportion and PC1-30
of control probe intensities. To assess the association of theseCpG loci
with BMI in the HELIOS participants, we then performed linear
regression with the same covariate adjustments. Correlation between
CpG sites were assessed using Pearson correlation analyses, with the
circos plot generated by the circlize package.

Functional Annotation of Sentinel CpG. We perform functional
overlap analysis and annotation of the sentinel CpGs using
eFORGEv2.052 analyzing the 16,444 CpG sites for enrichment across
DNase I hotspots, 5 histone marks and 15 chromatin states across 39
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cell types from the Roadmap Epigenomic Consortium53. We determine
the number of Sentinel CpGs overlapping with the annotated reg-
ulatory and chromatin regions in the different cell types. The enrich-
ment of our sentinel CpG set was evaluated by comparing it to 1000
background sets that contain an equal number of sites as the input.
The background sets were matched using gene annotation and CpG
island annotation and the mean overlap for the background sets was
calculated. We used the background sets to calculate the fold enrich-
ment as observed count /mean (expected counts) and obtained an
empirical P value from the distribution of the background sets.

Transcription Factor (TF) Enrichment. The binding site information
for the 1210 humanTFs testedwas obtained from the Remapdatabase,
2022 release (https://remap.univ-amu.fr/)54.Weused the homo sapiens
Cis Regulatory Modules (CRM) peaks for this analysis. We first deter-
mine howmany of our sentinel CpGs overlap with the binding sites of
the different TFs, and then estimated the fold enrichment; p-value for
enrichment was calculated by comparing the overlap of our sentinels
to the overlap of CpGprobes from the background set of all CpGs. The
p-value for enrichment was obtained using hypergeometric test and
corrected for multiple testing at a False Discovery Rate threshold of
0.05 (Supplementary Data 9).

Enrichment across behavioural, lifestyle and genetically
inferred traits. We tested the associations between the 16,444 ethni-
cally differentiated CpGs, and 191 trait-exposures, including directly
measured phenotypes as well as PRS to derive genetically inferred
exposures (Supplementary Data 9). Linear or logistic regression was
used, with adjustment for age, sex, ethnicity,methylation array control
probe PCs, and white cell subset composition estimated by the
Houseman method32. All traits were standardized using Z-score
transformation before the analysis. We then performed the same
analysis for all CpGs on the MethylEPIC array (837,722) to estimate
background expectations. We then calculated enrichment (observed
vs. background), using the hypergeometric test. We inferred statistical
significance at P < 0.05/32, based on an estimate of 32 independent
phenotypes derived from PCA of phenotypic covariation.

Epigenetic PCA analysis. To understand the genetic and environ-
mental factors influencing genome regulation in our population, we
also examined the relationship of 191 traits (Supplementary Data 11)
with the principal components of variation in methylation at the
16,444 CpG sites that are differentiated between our Asian ethnic
groups. We used PCA as a data reduction strategy to identify the pri-
mary axis of variation in the methylation at these CpG sites. We then
tested the associations with the 5 PCs with potential exposure, adjus-
ted for age, sex, ethnicity, methylation array control probe PCs, and
white cell subset composition estimated by the Houseman method32.
We again inferred statistical significance at P <0.05/32, based on an
estimate of 32 independent phenotypes derived from PCA of pheno-
typic covariation.

Metabolic variation. To explore the variation in metabolite levels
across ethnicities, we randomly split the dataset into discovery (70%)
and test (30%) cohorts. Using linear regression analysis, we estimated
the association between variation in levels of 1073 metabolites and
self-reported ethnicities (Malay compared to Chinese, Indian com-
pared to Chinese, and Malay compared to Indian) in the discovery
cohort, adjusted for age, sex, and shipment batch. We applied a
Bonferroni-corrected p-value threshold of 1 × 10-5 to account for mul-
tiple testing (1073 metabolites x 3 pair-wise tests). We then repeated
the same set of analyses for these 162 metabolites in the replication
cohort, and a subset of 153metabolites thatmet the following criteria:
1) significantly associated with ethnicity in the discovery cohort at
P < 1 × 10-5, and 2) significantly associated with ethnicity in the test

cohort at P <0.05 and with the same direction of estimates. In an age
and sex-matched cohort of 1,146 participants per ethnicity, we per-
formed PCA of the 153metabolites to assess the extent of clustering of
individuals by ethnicity. Out of these 153 metabolites, 128 were well-
characterized and known metabolites. We evaluated associations
between these 128 metabolites and four common health outcomes:
hypertension, obesity, T2D, and CVD, using logistic regressions
adjusted for age, sex, and shipment batch. For each phenotype, we
applied a Bonferroni-corrected p-value threshold of 4.7 × 10-5 to
account for multiple testing (1073 metabolites). We also evaluated
associations between a metabolite of interest (1-margaroyl-2-arachi-
donoyl-GPC) and FFQ foods, adjusted for age, sex, ethnicity and
shipment batch, and reported Bonferroni-Hochberg corrected
p-values for the top four foods. Furthermore, for each of these meta-
bolites, we calculated partial R-squared values to estimate the con-
tribution of genetic ancestry and various demographic and lifestyle
factorsonmetabolic variation. Genetic ancestrywas represented using
the first 50 genetic PCs, and dietary habits using the first 10 PCs
representing 169 food items and major macronutrients. Finally, pair-
wise correlation between metabolites was estimated using Pearson
correlation and a significance p-value threshold of 1 × 10-6 was applied
to account for multiple testing. Metabolites were grouped into 10
categories (super-pathways) and annotated to pathways or chemical
classes basedwithin each category (sub-pathways). The circos plotwas
generated using the circlize package.

Gene expression variation. We estimated the association between
variation in levels of 12,434 genes (expression measured in standar-
dized TPM) and self-reported ethnicities (Malay compared to Chinese,
Indian compared to Chinese, and Malay compared to Indian) in the
discovery cohort, adjusted for age, sex, RNA Integrity Number (RIN)
and the top six Probabilistic Estimation of Expression Residuals (PEER)
factors55. We applied a Bonferroni-corrected p-value threshold of
P < 1.34 × 10-6 to account for multiple testing (12,434 transcripts x 3
pair-wise tests).

Gene set enrichment analysis. We performed GSEA on the 2972
genes that were differentially expressed in any one pairwise ancestry
comparison. GSEA was performed using the gprofiler2 tool56 to
determine enriched gene sets across 3 pathway databases. These
include Kyoto Encyclopedia of Genes andGenomes (KEGG), Reactome
(REAC) and Wiki Pathways (WP). Fold enrichment was determined
using the ratio of sentinel gene overlap compared to total term size,
and the p-value for enrichment was determined using hypergeometric
test for over representation. Significantly enriched gene sets were
determined after FDR testing for multiple testing correction
(FDR P <0.05).

Cis-eQTLs for gene expression. cis-Expression quantitative trait loci
(eQTLs) for the 2972 differentially expressed genes were analysed
using Matrix eQTL (R package MatrixEQTL56, with gene expression
modelled as a regressionmodel of genotypes and covariates, including
age, sex, ethnicity, RIN (RNA integrity number) and the top 6 PEER
(Probabilistic Estimation of Expression Residuals) factors57. For the
identification of significant cis-eQTLs, a Bonferroni-corrected p-value
threshold (P <0.05 /16220560 tests) was applied.

Genome Wide Association Studies (GWAS). To identify genetic
variants associated with metabolite levels in the HELIOS dataset, we
first divide the cohort to select only individuals having metabolite
data and were clustered in our three main ancestry groups (Chinese,
N = 5961; Indian: N = 1470; Malay: N = 838) that were determined by
our data driven approach. The individuals in the three admixed
group (n = 409) were not included in the analysis. We then perform
GWASQC and analysis for each group separately, followed by inverse
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variance meta-analysis to create summary statistics across the study
population. GWAS variant QC filters were: MAF < 0.5%, HWE p-
value < 1 × 10-6, Missingness <2%. Sample filters were pi_hat <0.75,
IBC < | 0.2| and Sex-mismatch. We used PLINK230 to get the final set of
samples and variants to be used for the analysis. Overall, 5940 Chi-
nese, 1461 Indians and 833 Malays with 12.7, 16, and 14.7 million
variants respectively were included in the analysis. For the GWAs of
metabolites, we log transformed the metabolite data and removed
individuals with the highest deviation (>5 SD from the mean). Age,
sex, top 20 genetic PCs, and batch were used as covariates in the
analysis. The individual GWAS for each ancestry was performed using
REGENIE55. The subset of SNPs for REGENIE step 1 were chosen after
filtering for MAF < 5%, HWE P < 1 × 10-6 in the ethnic group being
analysed. We removed theMHC and chr8 inversion regions, followed
by LD pruning at an r2 of 0.05 within a 200 kb window. Meta-analysis
of the three summary statistics was performed using METAL with a
fixed effect model controlling for genomic inflation across each
dataset. Variants were filtered for being in at least two datasets,
heterozygosity P > 0.05 and max difference between allele fre-
quencies < 0.5.

SMR and colocalization. SMR21 was performed to identify pleiotropic
association between gene expression (exposure) (from the eqtlgen
dataset21) and metabolite levels (outcome) using GWAS summary sta-
tistics. To limit the number of tests,we include SNPs thatpass genome-
wide significance in our GWAS as well as in the cis-eQTL dataset.
Analysis was performed using the SMR tool58. For the metabolite-gene
pairs with significant SMR association, we performed colocalization
analysis using the colocpackage implemented inR59. The regionof 1MB
on each side of the SMR associated SNP was used for colocalization
analysis under a single causal variant assumption and the default prior
probabilities. Metabolite- Gene pairs with a coloc H4 posterior prob-
ability > 0.7 were considered to be colocalized and share a common
causal variant.

Reproducibility assessment of measurements. The reproducibility
of 107 measurements in 9 domains (Supplementary Data 18) between
baseline test and the repeated study was assessed using correlation
coefficients calculated from Spearman correlation analysis for
z-scored transformed measurements.

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

Data availability
The individual level data for study participants are available under
restricted access due to data privacy and ethical considerations.
Access request can be submitted to the HELIOS Data Access Com-
mittee (email: helios_science@ntu.edu.sg). The GWAS summary sta-
tistics for the metabolites generated in the present study have been
deposited in the GWAS catalogue under accession codes:
GCST90557814-GCST90557966 (https://www.ebi.ac.uk/gwas/). The
cis-eQTL summary statistics for the significant genes generated in the
HELIOS study have been deposited in our GitHub repository60 and are
publicly available. Source data are provided with this paper.

Code availability
The analytic codes developed in this study have been deposited in our
GitHub repository60 and are publicly available.
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