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Cross-ancestry analyses of Chinese and European
populations reveal insights into the genetic
architecture and disease implication of metabolites
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Genetically predicted TG levels within HDL were linked to a higher risk of coronary artery disease in both East Asians and Europeans.
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SUMMARY

Differential susceptibilities to various diseases and corresponding metabolite variations have been docu-
mented across diverse ethnic populations, but the genetic determinants of these disparities remain unclear.
Here, we performed large-scale genome-wide association studies of 171 directly quantifiable metabolites
from a nuclear magnetic resonance-based metabolomics platform in 10,792 Han Chinese individuals. We
identified 15 variant-metabolite associations, eight of which were successfully replicated in an independent
Chinese population (n = 4,480). By cross-ancestry meta-analysis integrating 213,397 European individuals
from the UK Biobank, we identified 228 additional variant-metabolite associations and improved fine-map-
ping precision. Moreover, two-sample Mendelian randomization analyses revealed evidence that genetically
predicted levels of triglycerides in high-density lipoprotein were associated with a higher risk of coronary ar-
tery disease and that of glycine with alower risk of heart failure in both ancestries. These findings enhance our
understanding of the shared and specific genetic architecture of metabolites as well as their roles in complex
diseases across populations.

INTRODUCTION susceptibility. Previous genome-wide association studies

(GWASSs) have identified hundreds of genetic regions associ-

Human metabolites play a crucial role in maintaining physiolog-
ical homeostasis and health. Circulating metabolite levels are
strongly influenced by dietary habits, lifestyle, and genetic back-
ground.” Many metabolites exhibit high heritability and are prox-
imal to the clinical endpoints, making them effective intermediate
phenotypes that link genetic susceptibility and diseases.?
Revealing the genetic underpinnings of metabolite levels helps
provide insights into the disease etiology.

In recent years, large-scale cohort consortia and biobanks
have facilitated genetic research in metabolites and disease

ated with circulating metabolite levels, primarily focusing on
European populations.®>~'® However, cross-ancestry variations
in genetic architecture, such as allele frequencies and linkage
disequilibrium (LD) patterns, necessitate the inclusion of
diverse populations to overcome ancestral biases in GWAS re-
sults.’?"% Investigation of the genetic determinants of the hu-
man metabolome within non-European populations is crucial
for identifying loci and understanding the unique genetic fac-
tors that underscore differences in disease susceptibility
across ancestries.'®
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Here, we aimed to identify the genome-wide determinants of
quantified plasma metabolites in 10,792 Han Chinese individuals
and further reexamined these associations in 213,397 European
individuals from the UK Biobank. We replicated the associations
in an independent population of 4,480 Chinese individuals. In
addition, we performed a cross-ancestry meta-analysis by pool-
ing the results from our Chinese participants and the European
individuals from the UK Biobank. Subsequently, we assessed
the potential causal associations of metabolites with various hu-
man diseases in East Asian individuals through a two-sample
Mendelian randomization (MR) approach, using summary data
from Biobank Japan,'” and attempted to replicate the findings
in European populations as well (Figure 1). Our findings provide
unique insights into the genetic basis of human metabolism and
its implications for metabolic disorders across different ethnic
populations.

RESULTS

Overview of genetic results for circulating metabolites
in Chinese individuals

We included 10,792 Han Chinese individuals from three commu-
nity-based cohorts, predominantly middle-aged with an average
age of 62.5 years, and 42.1% of the participants were men
(Table S1). Metabolomics profiling was performed using the
same nuclear magnetic resonance (NMR)-based metabolomics
platform. After quality control, 171 directly quantifiable metabo-
lites, primarily lipoprotein subclasses and amino acids, were
included in the subsequent analyses (see STAR Methods;
Figure 2A; Table S2).

We first estimated the SNP-based heritability of each metab-
olite using the GREML algorithm in the GCTA software.'® The
median heritability was 0.23, with values ranging from 0.02 for
2-aminobutyric acid to 0.35 for glycine (Figure 2B; Table S3).
We performed GWASs on the levels of these metabolites in
each cohort separately and then meta-analyzed the results using
the fixed-effect model. In total, we identified 52,439 variant-
metabolite associations involving 5,117 variants and 159 metab-
olites at the study-wide significance threshold (p <5 x 1078/29 =
1.72 x 107°, Bonferroni correction for 29 principal components
that collectively explained 95% of the variance of the metabolo-
mics data; Figures 2C and S1; Table S4). No evidence of exces-
sive test statistic inflation or population stratification was
observed (genomic inflation factor Agc median = 1.01, range =
0.99-1.03; Table S5). The major findings are publicly accessible
on a website for their visualization and exploration (see https://
www.biosino.org/gwas/).

Next, we defined the significant genomic locus by a stepwise
process and determined the independent signals by LD-based
clumping (see STAR Methods). We identified 632 metabolite-
associated loci, which were then consolidated into 37 genomic
loci across metabolites, collectively harboring 1,536 indepen-
dent signals and involving 259 distinct variants (Figure 2C;
Table S6). Furthermore, we identified 48 conditionally indepen-
dent associations involving 11 additional distinct variants using
the GCTA-COJO algorithm and found that six out of the 37
genomic loci harbored at least one additional conditionally inde-
pendent signal. In summary, we identified a total of 1,584 (1,536 +
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48) lead variant-metabolite associations (Table S6), which were
the focus of our subsequent analyses. We further prioritized 38
most likely causal genes for the 1,584 lead associations based
on biological relevance of the related metabolites or function of
the lead SNP or variants in high LD (r? > 0.8; Table S6).

Genetic architecture of metabolite levels and fine-
mapping

We observed substantial evidence of both polygenicity and
pleiotropy, consistent with previous reports in European individ-
uals.® %315 Of the 159 metabolites with significant genetic
associations, 140 were associated with two or more loci (Fig-
ure S2A). Meanwhile, each locus was associated with a median
of two metabolites, and 13 of the 37 genomic loci were associ-
ated with at least 10 metabolites (Figure S2B; Table S6). For
example, the locus in the APOE gene, which encodes the crucial
factor for cholesterol regulation (i.e., apolipoprotein E protein),
was associated with 113 metabolites, primarily lipoprotein
subclasses.

The 1,584 lead variant-metabolite associations involved 270
lead variants, the majority of which were intronic or intergenic
(Figure 3A), consistent with the overall functional distribution of
all identified variants (Figure S3). Among these, 14 lead variants
were identified as exonic nonsynonymous variants, which gener-
ally exhibited a lower minor allele frequency (MAF) and a higher
absolute effect size compared to other variants (Figures 3B
and 3C). The most significant association was observed be-
tween glycine and the missense variant rs1047891 (beta = 0.71
for allele A, p = 2.90 x 10724") in the CPS1 gene, which encodes
the rate-limiting enzyme of the urea cycle. This variant was also
associated with creatine (beta = 0.28 for allele A, p = 4.27 X
10~%"), a downstream product of glycine metabolism. Further-
more, a strong correlation was observed between the genetic ef-
fect estimate and MAF (Figure 3D). Of the 270 lead variants, 20
were predicted to be deleterious, with a combined annotation-
dependent depletion score >12.37.192°

Of the 632 metabolite-associated loci, 416 (65.8%) were fine-
mapped to credible sets of 2-10 variants, and 31 (4.9%) were
even to one single nominated causal variant, involving 6
missense and 2 intronic variants (see STAR Methods; Fig-
ure S4A; Table S7). For example, the missense variant rs7412
in the APOE gene was the most likely causal variant for 22 lipo-
proteins, mainly low-density lipoprotein (LDL) subfractions. The
abovementioned missense variant rs1047891 in CPS1 was
significantly associated with glycine and creatine with a posterior
probability of >0.99.

Cross-population comparison of metabolite-variant
associations in European ancestry

To assess whether our findings are population specific, we con-
ducted GWASs of metabolites in individuals of European
ancestry using the UK Biobank dataset (see STAR Methods).
Among the 213,397 European participants included in the ana-
lyses, the average age was 57.0 years, and 46.5% were men
(Table S1). Circulating metabolites were measured using a
similar NMR metabolomics platform, resulting in 116 overlapping
metabolites between the Chinese and the European populations
(Table S2).
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. The causal associations of genetcially increased triglyceride within HDL with higher risk of CAD were obeserved in both East Asians and Europeans.
. The protective effect of VLDL and IDL against COPD was also observed in both populations.
. We also observed protective effect of genetically increased glycine on heart failure in East Asians.

Figure 1. Study design and workflow

In this study, we conducted meta-analyses of metabolite GWASs in 10,792 Chinese individuals and validated the findings in an independent external cohort of
4,480 Chinese individuals. Metabolite GWASs were also performed in 213,397 individuals of European ancestry from the UK Biobank, followed by cross-
population comparisons and cross-ancestry meta-analyses. A two-sample MR approach was applied to infer causal relationships between metabolites and
diseases in both East Asian and European populations.

ipants, with a median value of 0.26 (Figures 4A and S5; Table S3).
The GWAS in UK Biobank European individuals identified
1,643,446 variant-metabolite associations at a more stringent
threshold (p < 4.31 x 107'° = 5 x 107%/116 metabolites),

We randomly selected 20,000 individuals of European
ancestry from the UK Biobank and calculated their SNP-based
heritability of metabolites. The heritability among European
participants was comparable to that observed in Chinese partic-
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Table of the eight novel lead associations identified in the Chinese discovery set and validated in the Chinese replication set

Metabolite Chr rsID Candidate gene  EA  NEA Discovery set Replication set UK Biobank AF (gromAD V3) Novelty check Possible scenarios for novelty
EAF Beta P EAF Beta P EAF P EAFras  EAFeor
Formic acid 1 rs1801133 MTHFR A G 0414 -0.21 101107 0430  -0.12  3.97%10°  Metabolite unmeasured 0.287 0.335 Novel locus Not measured in other mGWASs
N,N-Dimethylglycine 5 1510942892 DMGDH A G 0.101 0.13 1.53x10° 0.101 0.16 7.43x107  Metabolite unmeasured 0.098 0.061 Novel lead variant Novel mechanism
Acctoacetic acid 7 1528429916 MGAM G A 0287 -0.11  7.36x10" 0285 -0.08  6.54x10" 0.205 0.08 0.281 0.220 Novel locus Novel mechanism
Omithine 10 152147896 PYROXD2 A G 0424 -0.09  2.04x107° 0430  -0.07  8.00x10"  Metabolite unmeasured 0.435 0.649 Novel locus Not measured in other mGWASs
Phenylalanine 12 5118092776 PAH T C 0.014 0.66 7.66x10™ 0016 035 2.87x10° Variant untyped 0.015 0.001 Novel lead variant MAF difference across ethnicity
17 1528667787 SLC5A410 4t C 0.264 0.11 1.52x10"  0.260 0.08 5.48x10" 0.445 0.91 0.268 0.460 Novel locus Novel mechanism
Acetoacetic acid 17 151737941 SLC5410 G T 0332 011 7.50x10™ 0332 008  8.24x10" 0.449 021 0.334 0.473 Novel locus Novel mechanism
Acetoacetic acid 17 1115496750 SLC5410 G A 0.164 0.4  4.60x10™ 0160 009  1.00x10° 0.021 042 0.151 0.021 Novel locus Novel mechanism

Figure 2. Summary of genetic associations of metabolites in 10,792 Chinese participants

(A) Summary information of metabolites included in the current study. VLDL, very-low-density lipoprotein; IDL, intermediate-

lipoprotein; HDL, high-density lipoprotein.

density lipoprotein; LDL, low-density

(B) SNP-based heritability for each metabolite in 10,792 Chinese participants. The SNP-based heritability was calculated using the GREML method in GCTA
tools. The height of the polar bar plot indicates the phenotypic variance of each metabolite explained by the SNP chip variants. The metabolites are marked with

different colors based on metabolite classes.

(C) Manhattan plot displaying chromosomal positions (x axis) of significant associations (o < 1.72 x 10~9). Colors indicate different metabolite classes. Putative

causal genes with associations are highlighted in red.

(D) Table of the eight lead associations identified in the discovery set (o < 1.72 x 10~%) and validated in the replication set (o < 0.003) of Chinese individuals. Chr,

chromosome; EA, effect allele; NEA, non-effect allele; EAF, effect allele frequency; AF, allele frequency; MAF, minor al
genome-wide association study.
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0.0

o
~

0.2 03
Minor allele frequency

(A) Distribution of functional annotations of lead variants in the current study. Colors indicate different types of functional annotations.
(B and C) Distribution of MAF (B) and effect size (C) based on the type of variants (nonsynonymous [red] versus synonymous or noncoding [blue]) identified in the

present study.

(D) Scatterplot of MAF versus effect size for independent associations, with variants colored by functional annotation.

involving 8,726 lead variant-metabolite associations (Figure S6;
Table S4). The fine-mapping analyses found 1,204 (13.8%) cred-
ible sets that contained one single nominated causal variant
(Table S8).

To validate our findings from the Chinese population in the UK
Biobank European individuals, we found that 582 of the 1,584
lead variant-metabolite associations identified in Chinese indi-
viduals were not observed in European individuals (Figure S7),
primarily due to differences in metabolite profiles (376 associa-
tions) and low MAF (MAF < 0.01) or the complete absence of
variants (206 associations involving 39 variants; Tables S6 and
S9). For example, the intergenic variant rs117497152, linked
to multiple lipoproteins in the Chinese population, was unde-
tected in European individuals due to a large MAF difference
(1,698-fold, MAFgag = 0.08 vs. MAF\gg = 4.6 X 1072 in gnomAD;
Table S9). Of the 1,002 (=1,584 — 582) associations common to
both populations, 833 were significant (o < 4.99 x 10~° = 0.05/
1,002; Figure S7). The lack of significance for the remaining 169
associations was primarily attributed to small effect sizes and/or
low MAF in European individuals despite the European sample
being about 20 times larger than the Chinese population.
Among the 833 significant associations, for example, the asso-
ciation of rs10421035, an intronic variant in NECTIN2, with LDL
components (LOPN and L5PN), exhibited a 10-fold larger effect
size in Chinese compared to European individuals (Figure 4B;
Table S6). These findings underscore the importance of incor-
porating diverse populations in genetic studies of metabolites,
not only including European populations but also expanding

to other groups, such as East Asian individuals, to better cap-
ture a broader range of genetic influences on metabolic traits.

Identification of variant-metabolite associations and
replication in an independent Chinese population

To evaluate the novelty of the 1,584 lead variant-metabolite as-
sociations in our Chinese populations, we examined the associ-
ations of 270 lead variants and their LD partners (* > 0.1 within a
500-kb window; see STAR Methods) in previous GWASs of me-
tabolites and clinical lipids (Table S10) as well as our metabolite
GWAS in the UK Biobank. This analysis revealed 15 associations
involving 6 non-lipid metabolites (Table S6).

We sought to replicate these associations in an independent
Chinese population (n = 4,480, mean age = 57.7 years, 68.8%
male; Table S1). All metabolites from the discovery set were
included in the replication cohort because both used the same
metabolomics profiling platform. Among the 15 associations
identified, 8 associations involving 5 metabolites remained signif-
icant after multiple comparison correction (p < 0.05/15 = 0.003),
with consistent directions of effect in both discovery and replica-
tion sets (Figure 2D; Table S11).

Of these, acetoacetic acid was associated with two loci:
MGAM (rs28429916, EAFps = 0.287, EAFRe, = 0.285) and
SLC5A10 (rs11652575, EAFp;s = 0.164, EAFR., = 0.160), while
the other metabolites were each linked to a single gene. Aceto-
acetic acid, produced in the liver during the breakdown of fatty
acids, is linked to carbohydrate metabolism (MGAM) and
glucose transport (SLC5A70). Impairment in carbohydrate or

Cell Genomics 5, 100810, April 9, 2025 5




¢? CellPress

OPEN ACCESS

Cell Genomics

Dmo A

GCKR : 131260325

P2RY2: 2511241

“ L --APOE 7412
MTARCY 152642438

Posterior probability
a
g

025 ”

1510421035-LOPNLSPN

1$483082:VOPN

Total in plasma B
2
28wz, ~
<<O5Lap éag . 15 1656903760 HOPLIHIPL.
W SEEL N\
-‘.\i o, N
< i
NG
RS 131 136078 HIGE HICHHIPLHZPLHICELITS
s i 1 HEPLHICE:
e
«}‘?L@G \ ~ (S76137124-ApOALHICE
2o\
e \voL  §1 =
G, | g
vk, o
vk | €
VarC 3
i 2 528703514.ApoAT
vaT1e =
VaCE $s
8 o
] Chinese vacn | S
HITG Europeans vae | £7
| e vatg 3
| e vice 26
| vor v ]
| W Jc H
\ e varc s 5
\ veRy o 2
\ W, " T
HDL\ v
« 3
2
1
(] o
S ot
[~ © I ] <
S X & T x
350-] 2 8 2 8
Q o

300

250

-logio(p)

o
8
3

1
osee

150

100

5 [ 7
Fold change in effect size

8
Chromosome

9§ 10 [) 1

400

00 200 300
Number of SNPs in 85% credible set

C38A4
OXA2

w
o
o

PL
TRIB1
DKN2B-AS1
0IT3
+L0C283214

e e eme mw o oi--FADS1-2-3
1PC

“----MARVELD3
PG

DLR-AS1

APOAS/A4/C3] A1

9 10 1 12 13 14 15 16 17 18 19 20 21 22

[[@ aminocs @ Faty acs @ ipoprotsn @ Oganicacs © omer|

Figure 4. Results of cross-ancestry GWAS meta-analysis of metabolites in Chinese participants (n = 15,272) and European participants (n =

213,397)

(A) SNP-based heritability for each metabolite in Chinese cohorts and European individuals from the UK Biobank.
(B) Comparison of the effect size and effect allele frequency for 833 lead variant-metabolite associations in Chinese and European populations. Associations with
a variant of fold change in effect allele frequency larger than 5 are highlighted in blue, and those with a fold change in effect size larger than 5 are highlighted in

orange. Associations with a fold change > 10 are explicitly labeled.

(C) Manhattan plot of cross-ancestry meta-analyses. Colors indicate metabolite classes. Loci that harbored 228 additional associations that did not reach
genome-wide significance threshold (o > 5 x 1078) in original GWAS are highlighted in red.

(D) Distribution of 95% credible set size (x axis) against the maximum posterior probability of variants in each locus (y axis). The blue triangles mark missense
SNPs, with size proportional to correlated metabolite numbers. Association mapping into small (<5 SNPs) credible sets with a high posterior probability (>80%)

is explicitly labeled.

oxidative energy production may promote fatty acid break-
down, leading to increased acetoacetic acid under specific
metabolic conditions.?’

We also identified an association between ornithine and variant
rs2147896 (EAFpis = 0.424, EAFRep, = 0.430) on PYROXD2, a gene
linked previously to asymmetric dimethylarginine,® trimethyl-
amine,?” and N6-methyllysine metabolism.?** PYROXD2 encodes
a protein that may facilitate the conversion of metabolites con-
taining CH-NH groups into ornithine.>® In addition, missense
SNP rs1801133 (EAFp;s = 0.414, EAFRe, = 0.430) in the MTHFR
gene was associated with formic acid, a metabolite character-
ized less frequently in previous metabolomics studies. MTHFR
is involved in one-carbon metabolism, potentially regulating for-
mic acid levels.

Furthermore, we discovered previously overlooked associa-
tions involving loci that had been reported in prior studies. For
example, while the PAH gene is known to be associated with
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phenylalanine, "*''® we identified that the unreported nonsynony-

mous variant rs118092776 in PAH is linked to phenylalanine. The
higher MAF of this variant in East Asian individuals (MAFgas =
0.0135 vs. MAFg g = 0.0006 from gnomAD) likely accounts
for its omission in studies focusing exclusively on European pop-
ulations. Additionally, we replicated the lead association of
rs10942892 in DMGHD (which encodes an enzyme catalyzing
the oxidative demethylation of dimethylglycine) with N,N-dime-
thylglycine, a derivative of amino acids produced during choline
metabolism.

A more comprehensive understanding of the genetic
architecture of circulating metabolites through cross-
ancestry GWAS meta-analysis

To gain a more comprehensive, generalizable, and detailed un-
derstanding of the genetic influences on circulating metabolites,
we conducted a cross-ancestry meta-analysis by pooling data
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Figure 5. Colocalization of metabolite-related loci with complex disease
(A) Overview of the colocalization analyses between metabolites and different diseases. Red dots represent PP, > 0.8, and gray dots represent PPy, between

0.6 and 0.8.

(B) Distribution of colocalization signals between different metabolite-related loci and diseases. The bars are color coded to represent different disease cate-

gories.
(C) Colocalization of H4TG and CAD in the APOE locus.

(D) Colocalization of VOPN and asthma in the APOAS5 locus. The color of the dots represents the degree of LD.

from our four Chinese cohorts (n = 15,272), including three dis-
covery cohorts and one replication cohort, with the UK Biobank
population of European ancestry (n = 213,397). This approach
resulted in a large sample size of 228,669 participants and 116
overlapping metabolites. To account for ancestry-related het-
erogeneity in variant associations, we performed multi-ancestry
meta-regression using MR-MEGA,?* which incorporates genetic
ancestry as a covariate (see STAR Methods).

Among the 5,480,458 shared autosomal variants with
MAF > 1% between the Chinese and European populations,
this cross-ancestry meta-analysis identified 918,394 significant
variant-metabolite associations (p < 4.31 x 107" =5 x 107%/
116 metabolites) involving 5,781 lead associations, 1,138 lead
variants, and 280 genomic loci (Figure 4C). Among these signifi-
cant associations, 228 were newly identified and did not reach
the genome-wide significance threshold in the individual GWAS
(0 > 5 x 1078 in both the Chinese and European GWASsS;
Table S12). We further conducted cross-ancestry fine-mapping
using an approximate Bayesian factor, identifying 1,095 signals
(18.9% of 5,781) with a single putative causal variant (posterior
probability > 95%; Table S13). The median size of the 95%
credible set was seven variants (Figure S4B). Missense SNPs
with posterior probability > 80% were identified in genes such
as GCKR, TM6SF2, APOE, CPS1, HNF4A, ADH1B, SLC39A4,
GLTPD2, P2RY2, and MTARCT1 (Figure 4D). As expected, the
multi-ancestry GWAS produced smaller credible sets sizes and
higher posterior probabilities compared with the single-ancestry
GWAS (Figure S4B).

Of note, the exonic variant rs2429467 in SLC38A4, which ex-
hibited an MAF discrepancy between populations (MAFgas =

026, PChinese = 214 X 10_5; MAFEUR = 005, PUK Biobank =
2.50 X 107%; Peross-ancestry = 1.02 X 107'°; Table S12), was asso-
ciated with circulating levels of glycine in the cross-ancestry
meta-analysis. Although previous research® reported associa-
tions between other variants in SLC38A4 (which encodes a
transmembrane transporter of small amino acids®) and glycine,
this missense variant has not been reported before in relation to
glycine before. Similarly, four additional exonic variants were
identified in the cross-ancestry meta-analysis (Table S12),
none of which reached significance in individual GWASs due to
the relatively small sample size in the Chinese population and
the low MAF in European individuals. This highlights the distinct
benefit of cross-ancestry meta-analysis, which bolsters statisti-
cal power to detect associations involving alleles with diverse
frequencies and effect sizes across different ethnic populations.

Colocalization of metabolite loci with human diseases in
East Asian individuals

To investigate whether metabolites share genetic determinants
with diseases, we conducted Bayesian colocalization ana-
lyses.?” Among the 21 diseases included in the analyses (see
STAR Methods), we examined their colocalization with 632
metabolite-associated genetic loci identified in Chinese indi-
viduals during the discovery stage. The posterior probability
for colocalization (PPw4) was calculated to determine whether
two traits share a causal variant within a region. We identified
531 colocalization signals involving 145 metabolites and 8 dis-
eases (PPp4 > 0.8; Figure 5A; Table S14), including coronary
artery disease (CAD), peripheral artery disease (PAD), type 2
diabetes (T2D), asthma, chronic obstructive pulmonary disease
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(COPD), colorectal cancer, gastric cancer, and urolithiasis. Pre-
vious studies have reported several colocalization signals be-
tween metabolites and diseases, particularly for cardiovascular
diseases such as CAD and T2D, across multiple genomic re-
gions.?®72° Among these, CAD had the most colocalization sig-
nals (n =170; Figure 5B; Table S14). Notable lipoprotein-related
loci in the APOA5/A4/C3/A1 gene cluster, APOE, and LPL
genes showed colocalization with CAD (Figure 5C). However,
studies examining metabolite-disease colocalization for dis-
eases like asthma and COPD are less common. In our study,
we identified colocalization signals between asthma and
COPD with multiple lipoproteins in the APOA5/A4/C3/A1 and
APOE genes. For example, 104 colocalization signals were
associated with asthma, most of which were in the APOA5/
A4/C3/A1 gene cluster. Specifically, VOPN and asthma may
share the causal variant rs662799 with a high posterior proba-
bility (PP4 = 0.98; Figure 5D).

Potential causal associations of metabolites with
disease phenotypes revealed by two-sample MR
analyses

Although emerging associations of metabolites with health out-
comes have been reported, the causality of these associations
remains largely unclear. To address this, we performed two-
sample MR analyses in East Asian individuals, integrating our
data with the diseases GWASSs from approximately 200,000 Jap-
anese individuals from Biobank Japan.'” Based on prior know!-
edge and colocalization signals, 11 diseases were included in
the MR analyses (see STAR Methods, Table S15; Figure S8A).

Inthe MR analyses among East Asian individuals, we identified
144 potential causal associations between metabolites and dis-
eases after multiple comparison corrections (p < 1.57 x 107* =
0.05/[11 diseases x 29 PCs of metabolites]) involving 75 metab-
olites and 5 diseases (Figure 6A; Table S16). This included
several associations not reported previously. Asthma was asso-
ciated with the highest number of genetically predicted metabo-
lites (n = 54), followed by CAD (n = 51), COPD (n = 25), PAD (n =
11) and T2D (n = 3). The MR-Egger intercept test showed no ev-
idence of unbalanced pleiotropy (all p > 0.05 for intercepts;
Table S16), and leave-one-out analyses showed that the causal
associations remained robust even when excluding any single
SNP (Figure S9).

For lipids, genetically predicted levels of 28 subclasses of
very-low-density lipoproteins (VLDLs; odds ratio [OR] range
per standard deviation: 1.14-1.45), 6 subclasses of intermedi-
ate-density lipoproteins (IDLs; 1.19-1.25), and 3 subclasses of
LDL (1.48-1.73) were consistently associated with a higher risk
of CAD (Table S16). Subclasses of high-density lipoproteins
(HDLs) showed different patterns. In line with previous observa-
tional studies on clinically measured HDL cholesterol, its genet-
ically predicted levels were, in general, inversely associated with
CAD risk (Figure 6B). However, we found evidence that geneti-
cally predicted triglycerides in HDL were consistently associated
with a higher risk of CAD. Specifically, each standard deviation
increase in genetically predicted levels of triglycerides in very
large HDL (H1TG) was associated with a 9% elevated risk of
CAD (OR [95% confidence interval (Cl)]: 1.09 [1.04-1.14], p =
1.35 x 1074 Table S16). For PAD, most genetically predicted

8 Cell Genomics 5, 100810, April 9, 2025

Cell Genomics

levels of cholesterol esters, total cholesterol, free cholesterol,
and phospholipids in HDL were associated with a reduced risk
(OR range: 0.66-0.80) while triglycerides in small HDL (H4TG)
were linked to a higher risk (Figure 6B). These results highlight
the value of detailed profiling of lipid components for disease
risk reclassification. Additionally, we found that evidence that
genetically predicted levels of several lipids were associated
with a reduced risk of asthma and COPD, primarily involving
subclasses of VLDL and IDL (Figure 6C). These observations
were largely reproducible in European populations through ana-
lyses integrating metabolite GWASs from European individuals
in the UK Biobank and disease GWASs from FinnGen (DF9;
Figures 6B and 6C; Table S17).

For non-lipid metabolites, several potential causal associa-
tions were also observed. The causal association between
glycine and a lower risk of CAD, reported previously in European
individuals,”® was successfully replicated in East Asian individ-
uals (Figure 6D). Furthermore, we report evidence that genetically
predicted glycine was suggestively associated with a lower risk
of heart failure in both East Asian and European individuals (OR
[95% CI] per standard deviation: 0.93 [0.88-0.97], p =1.52 X
1073 for East Asian; 0.96 [0.91-0.96], p = 4.73 x 1072 for Euro-
pean; Figure 6D). Moreover, genetically predicted levels of
N-acetyl-glycoprotein 1 (NAG1), a marker of acute phase glyco-
proteins, were associated with a reduced risk of asthma in East
Asian individuals (OR: 0.72 [0.65-0.80], p=1.68 x 10~'°; Fig-
ure 6E). N-acetylglucosamine, a component of NAG1, promotes
vascular calcification by upregulating the osteogenic transcrip-
tion factor Runx2 and activating Akt®>'*? while also exhibiting
anti-allergic effects by reducing histamine release, interleukin-
1B production, and nuclear factor kB activation.®* Additionally,
genetically predicted levels of sarcosine were associated with
an increased risk of CAD (OR: 1.30 [1.15-1.47], p=2.2 x 1075;
Figure 6F) but a lower risk of asthma (OR: 0.74 [0.65-0.86],
p = 4.67 x 107%; Figure 6G) in East Asian individuals. However,
NAG1 and sarcosine were not measured in the UK Biobank me-
tabolomics platform.

DISCUSSION

In this metabolite GWAS involving 10,792 Chinese and 213,397
European individuals using a similar NMR-based metabolomics
profiling platform, we identified 15 variant-metabolite associa-
tions, 8 of which were replicated in an independent Chinese
cohort of 4,480 individuals. In addition, two-sample MR ana-
lyses revealed potential causal associations of certain circu-
lating metabolites with complex diseases. Notably, genetically
predicted triglycerides within HDL were associated with a
higher risk of CAD, while genetically predicted levels of VLDL
and IDL showed protective association with COPD in both Chi-
nese and European populations. Furthermore, we identified a
potential protective effect of glycine on heart failure. These find-
ings deepen our understanding of human metabolic diversity
across populations and highlight the influence of ethnic varia-
tion on disease susceptibility.

Our findings of the heritability for lipoproteins in European
individuals (ranging from 0.17 to 0.37) echoed previous reports
using a similar NMR platform in European populations.®® In
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Figure 6. Results of two-sample MR analyses

(A) Overview of 144 potential causal associations between circulating metabolites (top) and diseases (bottom) in East Asian individuals. ORs greater than 1 are
shown in red, while those less than 1 are depicted in blue. CAD, coronary artery disease; COPD, chronic obstructive pulmonary disease; PAD, peripheral artery

disease; T2D, type 2 diabetes.

(B) The associations of genetically increased triglycerides in HDL with risk of cardiovascular disease in East Asian (bottom) and European (top) individuals.
**p<1.57 x 1074, *p < 0.05). CE, cholesterol ester; CH, cholesterol; FC, free cholesterol; PL, phospholipid; TG, triglyceride; IS, ischemic stroke; CHF, congestive

heart failure; CeAn, cerebral aneurysm.

(C) The associations of genetically predicted higher levels of lipids with risk of COPD in East Asian (bottom) and European (top) individuals.
(D) The associations of genetically predicted higher levels of glycine with risk of CAD and CHF in East Asian (left) and European (right) individuals.
(E-G) MR results of (E) NAG1 on risk of asthma, (F) sarcosine on CAD, and (G) sarcosine on asthma.

contrast, the genetic background of metabolites in East Asian
populations has been explored less extensively. We report
that the heritability for lipoproteins in Chinese individuals ranged
from 0.07 to 0.35, which is comparable to that observed in Eu-
ropean individuals. However, there are notable differences in
metabolite-variant associations between these populations.
Among the 1,584 significant lead associations identified in the
Chinese population, 206 were absent in the UK Biobank, pri-

marily due to a MAF of <0.01. Some metabolite-related variants
that are prevalent in Chinese populations remain underrepre-
sented in European GWAS. Among the 1,002 shared associa-
tions, 10.8% were not replicated due to minimal absolute effect
sizes (<0.01) in European individuals. When comparing effect
sizes across populations, caution is needed due to differences
in allele frequencies, especially for low-MAF variants. These dif-
ferences may lead to less accurate effect estimates, particularly
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in smaller sample sizes. Additionally, cross-ancestry meta-ana-
lyses have yielded deeper genetic insights and substantially
enhanced the precision of fine-mapping compared to single-
ancestry GWASs. These findings highlight the urgent need for
metabolite GWASs in non-European populations.

Through MR analyses, we identified several potential causal
associations between metabolites and diseases. While the
relationship between LDL cholesterol and CAD risk is well es-
tablished, the role of HDL cholesterol remains controversial.
Observational studies typically suggested a beneficial effect
of HDL cholesterol on cardiovascular health,** but clinical tri-
als of drugs designed to raise circulating HDL cholesterol
levels, such as cholesteryl ester transfer protein inhibitors,
showed minimal effects on cardiovascular events.®® With
recent advances in metabolite profiling technologies, several
studies have reported positive associations of TG within
HDL particles with CAD risk,*®~*® though causality remains un-
clear. Our study provides causal evidence linking TG within
HDL particles to an increased CAD risk in both East-Asian
and European populations. These findings highlight the impor-
tance of the structure and components of HDL particles in
CAD prevention.

Increasing clinical evidence has suggested that dysregulated
lipid metabolism may contribute to the onset and progression
of COPD.*%*? A study utilizing NMR-based metabolomics iden-
tified lipoproteins, particularly LDL and VLDL, as key biomarkers
for distinguishing COPD patients from healthy controls.*® In our
MR analyses, we report that genetically predicted higher circu-
lating levels of VLDL and IDL subclasses were associated with
a reduced risk of COPD in East Asian individuals, with similar
findings replicated in European populations. However, the
mechanisms underlying these associations remain unclear.
Larger-scale metabolomics studies and further mechanistic
research are needed to elucidate the causal links between
altered lipid metabolism and lung dysfunction.

Our research has several notable strengths. It represents the
largest metabolite GWAS conducted in a non-European popu-
lation, helping to address the European-centric bias in genetic
research on human metabolites. Using a consistent NMR
metabolomics platform, genetic chip array, and data process-
ing methods across both the discovery dataset (10,792
individuals) and replication dataset (4,480 individuals) ensured
high data consistency. In addition, our cross-population com-
parison and meta-analysis, which incorporated extensive
European data, provided an unprecedented perspective on
genetic diversity and metabolite variation. The application of
two-sample MR further enabled us to estimate the causal
impact of metabolites on disease, revealing critical cross-
ancestry differences and enriching our comprehension of dis-
ease mechanisms.

In conclusion, we have identified genetic loci of circulating me-
tabolites in a large Chinese population and compared the ge-
netic influences on metabolites across Chinese and European
populations. Our findings also suggest potential causal associa-
tions between metabolites and a variety of complex diseases.
These results deepen our understanding of the genetic determi-
nants of circulating metabolites across different ancestries and
enhance our knowledge of disease etiology.
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Limitations of the study

First, although our sample is the largest for East Asian individ-
uals, it remains smaller than those from European populations.
Fasting status could also have influenced the genetic associa-
tions,'® as samples from Chinese individuals were collected
while fasting, whereas UK Biobank samples were not. Despite
adjustments for fasting time, this discrepancy may have hin-
dered cross-population validation. Additionally, the broad age
range in the discovery dataset could have introduced age-
related effects on metabolites. Furthermore, while we applied
rigorous procedures to exclude outliers and select instrumental
variables, the presence of pleiotropy in metabolite-related vari-
ants means that our MR analysis results may still be impacted
by horizontal pleiotropy. Therefore, it is important to interpret
the causal inference with caution. We conducted multiple sensi-
tivity analyses to address this, and future studies could benefit
from advanced multi-response MR methods to jointly model
multiple outcomes.** Meanwhile, additional validation through
larger observational studies and functional research is needed.
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REAGENT or RESOURCE SOURCE IDENTIFIER

Bruker IVDr Lipoprotein Subclass Analysis Bruker Biospin https://www.bruker.com/en/products-and-solutions/
mr/nmr-clinical-research-solutions/b-i-lisa.html

Bruker IVDr Quantification in Plasma/Serum Bruker Biospin https://www.bruker.com/en/products-

and-solutions/mr/nmr-clinical-
research-solutions/b-i-quant-ps.html

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The Shanghai Changfeng Study

The Shanghai Changfeng Study is a prospective community-based cohort study, which enrolled 6,595 individuals that aged 45 years
or older from June 2009 to December 2012 in Changfeng community, Shanghai, China. Participants underwent all clinical examina-
tion in local health community center and provided demographic data, lifestyle factors and medical history. Biomaterials including
fasting blood and urine were collected and stored at —80°C. The study was conducted with the official approval of the ethical com-
mittee of Zhongshan Hospital, Fudan University, and each participant has provided written informed consent. Detailed description of
the study design has been published elsewhere.®®°” A total of 5,666 Han Chinese individuals who underwent both metabolic profiling
and genome-wide genotyping were included in this analysis.

The Rugao Longevity and Aging Study

The Rugao Longevity and Aging Study (RULAS) is a population-based, two-arm observational cohort study conducted in Rugao city,
Jiangsu Province, China. A detailed description was provided in previous publication.®® The study was approved by Human Ethics
Committee of the School of Life Sciences, Fudan University. In the baseline, 1960 elderly participants aged 70-84 years were re-
cruited between November 2014 and December 2014. Demographic, physiological and clinical data, as well as several biomaterials
were collected. Three times follow-up were conducted within 5 years after baseline. In December 2019, the total number of partic-
ipants reached 2200 after the Wave 4 follow-up. A subsample of 2113 Han Chinese individuals with both metabolomics data and
genotyping data available were included in the current study.

The National Survey of Physical Traits cohort

The National Survey of Physical Traits (NSPT) cohort is a population-based prospective cohort that recruited Han Chinese partici-
pants in 2015-2018 from three cities: Nanning, Guangxi province, Taizhou, Jiangsu Province and Zhengzhou, Henan province.®’
In total, 3564 samples of Han Chinese participants were collected. The NSPT cohort study was approved by Ethics Committees
of Fudan University and the Shanghai Institutes for Biological Sciences. All participants provided written informed consent. Our anal-
ysis set comprised 3013 Han Chinese individuals that had both metabolomics data and genotyping data.

Validation in an external independent Chinese cohort

The Genetic characteristics of coRonary Artery disease in ChiNese young aDults (GRAND) study is a multicenter, hospital-based
observational clinical study.”® The GRAND study recruited adult participants from 38 cardiac centers across China between May
2017 and April 2019. In-hospital clinical data were obtained from electronic medical records. At admission, each participant provided
a fasting blood sample and completed a basic questionnaire on their lifestyle, dietary habits, and physical activity. The study protocol
was approved by the central ethics committee at Zhongshan Hospital (Fudan University, Shanghai, China), as well as by the ethics
committees at all participating centers (B2017-051). All participants provided written informed consent.

UK Biobank

UK Biobank is a large-scale prospective cohort study that includes around 500,000 participants from across the United Kingdom,
aged 40 to 69 at the time of enroliment. The study provides comprehensive phenotypic data, covering biological measurements, life-
style factors, and clinical blood biomarkers. Information about the cohort, as well as the data generation and imputation processes,
has been described in detail elsewhere.”' UK Biobank has approval from the North West Multi-centre Research Ethics Committee as
a Research Tissue Bank approval. All participants provided written informed consent. This study applied for and received approval
from the UK Biobank (Application Number #54294).

METHOD DETAILS
Genotyping, quality control, and imputation of genetic data

The DNA quality control and genotyping were carried out separately for each discovery cohort of Chinese individuals at the WeGene
Clinical Laboratory, Shenzhen. The participants in the RULAS cohort were array genotyped on lllumina Infinium Chinese Genotyping
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Array BeadChip (lllumina WeGene V3 Arrays, ~700k SNPs) and the other two Chinese discovery cohorts were genotyped on lllu-
mina Infinium Global Screening Array BeadChip (lllumina WeGene V2 Arrays, ~700k SNPs). Genotyping was performed by lllumina
iScan System follow the manufacturer’s instructions. Genetic data cleaning and quality control were carried out using PLINK.>® We
excluded samples with missing call rates >5% or with a mismatch between genetically inferred sex and self-reported sex. On the
variant-level, we filtered out SNPs that had genotype missingness >2% and that deviated from Hardy-Weinberg equilibrium
(HWE, p < 1075).

Genotype imputation was also performed for each cohort separately. The chip genotype data were pre-phased using SHAPEIT2°’
and then imputed to the 1000 Genome Project Phase 3 V5 reference panel using IMPUTE2.°® Quality control was carried out again
after imputation. The Bi-allelic SNPs with call rate >98%, HWE-P>10"°, MAF >1% and imputation quality score (INFO) > 0.4 were
retained in further analysis. All genomic positions were based on hg19/GRCh37. The total numbers of SNPs before and after impu-
tation for each cohort were shown in Table S1. Joint PCA of Chinese cohorts were shown in Figure S10.

Nuclear magnetic resonance-based metabolomics profiling and data processing in Chinese cohorts

The serum or plasma metabolic traits for each Chinese cohort were measured separately using the same quantitative high-
throughput NMR metabolomics platform.®”-"? Briefly, fasting blood metabolomics profiling was performed on a 600 MHz AVANCE
Il NMR spectrometer equipped with a BBI probe (Bruker Biospin GmbH, Germany), following the method reported previously.”"®
The analytical samples were stored at —80°C and thawed at 24°C within 30 min, and all subsequent operations were performed upon
theice. Two NMR spectra were acquired at 310K using a standard NOESYGPPR1D and LEDBPGPPR2S1D pulse sequence, respec-
tively, with 98K data points and 32 transients. Using the Bruker IVDr Lipoprotein Subclass Analysis (B.l.LISA) method (Bruker Biospin),
132 lipoprotein parameters were quantified. Lipoprotein subclasses were systematically categorized and sequentially labeled ac-
cording to their density (Figure 2A), including five categories of very-low-density lipoproteins (VLDL 1-5, from extremely large to small
particle size), one category of intermediate-density lipoprotein (IDL), six categories of low-density lipoproteins (LDL 1-6, from
extremely large to very small particle size), and four categories of high-density lipoproteins (HDL 1-4, from very large to small particle
size). A higher positive number within a category indicates a smaller particle diameter, while the number 0 represents the total sum of
that specific component. In addition, lipoprotein particles were classified according to their biochemical composition, such as apoli-
poprotein A1/A2/B100 (A1/A2/AB), total cholesterol (CH), cholesterol esters (CE), free cholesterol (FC), phospholipids (PL), and tri-
glycerides (TG). Additionally, 41 other metabolites, including amino acids, ketone bodies, glucose, and carboxylic acids, were quan-
tified from the same spectra using the Bruker IVDr Quantification in Plasma/Serum (B.l.Quant-PS) method (Bruker Biospin).
Meanwhile, six ratio parameters for fatty acids and two N-acetyl-glycoproteins (NAG1, NAG2) were obtained from the diffusion-edi-
ted spectra. A total of 181 metabolites were directly measured by this platform. All metabolites, except for formic acid and dimethyl
sulfone, have been previously characterized in earlier GWASs using NMR or other metabolomics platforms. Lipoprotein measure-
ments by the NMR-metabolomics platform were generally concordant with clinical measurements (Figure S11).

Of the 181 metabolites measured, we excluded 10 that had missing measurement in more than 60% of the samples. No partici-
pants were removed on the basis of having more than 30% missing metabolomic data, as no individual exceeded this threshold. The
missing values of each metabolite were then imputed with half of the lowest detected values after quality control. All metabolites were
transformed to normal distribution using inverse rank-based normal transformation and used for association testing. A total of 171
metabolites were included in the following GWAS. We compared the metabolites included in the current study with those from pre-
vious studies (NMR or other metabolomic platforms) to determine if they had been measured before (Table S2).

Metabolites measurement in European individuals from the UK Biobank

Metabolite profiling in the UK Biobank was conducted by Nightingale Health, measuring metabolic biomarkers for EDTA plasma sam-
ples with NMR-based metabolomics platforms.”* Briefly, two NMR spectra were recorded for each plasma sample using a 500 MHz
NMR spectrometer (Bruker AVANCE IlIHD), including a presaturated proton NMR spectrum (mainly for proteins and lipids within
various lipoprotein particles) and a T2-relaxation-filtered spectrum (for detecting low-molecular-weight metabolites). Using the
NMR-metabolomics platform similar to that used in the Chinese population, 116 overlapping metabolites were directly measured
in the UK Biobank. In general, the NMR-based metabolomic profiles from both the Chinese and UK Biobank populations are largely
consistent, with differences observed only for a few specific metabolites and lipoprotein components. For a small subset of low-mo-
lecular-weight metabolites, such as organic acid or amino acid, differences may arise from variations in the spectra. The major
discrepancies are seen in lipid-related metabolites, particularly because the UK Biobank NMR platform does not differentiate the
apolipoproteins within each lipoprotein class (e.g., Apo-A1 and Apo-A2 in HDL, and ApoB in IDL, LDL, and VLDL). Detailed informa-
tion on metabolites is provided in Table S2.

QUANTIFICATION AND STATISTICAL ANALYSIS
Genome-wide association study and meta-analysis
A GWAS was performed for 171 metabolites in each discovery cohort of Chinese individuals, totaling up to 10,792 individuals with

both NMR metabolomics data and genomic data available. To maximize the sample size, the GWAS was carried out using linear
mixed model (LMM) under an additive genetic model in BOLT-LMM (2.4.1) software.®®> SNPs with MAF < 1% and low imputation
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quality (INFO < 0.4) were excluded to avoid false positive association in the analyses. When the BOLT-LMM method failed to estimate
the heritability (values close to zero or one), alternative analyses were carried out using PLINK software with linear regression model
excluding related individuals. The individuals with second-degree or closer (kinship coefficient > 0.0884) relatives were inferred by
KING (v2.2.2) software®® and were removed when GWASs were run in PLINK. All the analyses were adjusted for age, sex, usage
of lipid-lowering medications and top five genetic ancestry principal components. Top five principal components were selected
as covariates because they accounted for the main variance of population stratification in the Chinese discovery cohort (Figure S12).

For each metabolite, association results from each participating cohort were then combined using inverse-variance-weighted
fixed-effect meta-analysis based on effect sizes and standard errors in METAL software.® The meta-analyses were conducted under
genomic control correction as implemented in METAL and the results were restricted to variants that presented in more than two
cohorts. Heterogeneity among different cohorts was estimated by the |2 statistics. The study-wide statistical significance threshold
was set to p < 1.72 x 10~° (standard genome-wide significance threshold 5 x 1078/29, correcting for 29 principal components that
explained over 95% of variance of the metabolite data in the largest Shanghai Changfeng cohort, Figure S1) in the meta-analyses.
The genomic inflation factor for each metabolite was calculated as the ratio of the median of the empirically observed chi-squared
test statistics to the expected median (Table S5).

Signal selection and locus definition
For each metabolite, we ranked all associated variants at study-wide significance threshold (o < 1.72 x 10~°) and denoted the variant
with lowest p value as the metabolite-sentinel variant. Corresponding metabolite-associated locus was defined as +500 kilobase (Kb)
windows centered around the metabolite-sentinel variant and significantly associated variants were then assigned to the locus. We
repeated the procedure for the unassigned variants until no further significant variants remained. Overlapping or physically close
(within 250 kb) metabolite-associated loci were merged. Across metabolites, overlapping metabolite-associated loci within chromo-
somes were finally merged.

Due to the potential existence of multiple independent signals within a single locus, we utilized an LD-based clumping approach to
determine independent signals at a given locus. We defined independent signals with r* < 0.1 in PLINK using 1000 Genomes phase 3
v5 EAS [GRCh37/hg19] as reference panel. After each clumping, variants with the smallest p value were identified as lead SNPs.

Stratified analyses in Chinese discovery cohorts with different sample types

A recent large-scale NMR metabolite GWAS study has suggested that sample type may affect research findings.'® In our sensitivity
analysis, we conducted stratified analyses by blood sample type with comparable population size (serum, Shanghai Changfeng
study, n = 5,666; plasma, meta-analysis of NSPT and RuLAS, n = 5,126, Table S1). We observed a high correlation in the effect sizes
of 1,584 independently significant associations between the two blood sample types (R? = 0.928, p < 2.2 x 10'%; Figure S13 and
Table S18).

Metabolite GWAS in the external Chinese validation cohort

We further attempted to replicate our findings in an external Chinese cohort. The participants were array genotyped on lllumina In-
finium Chinese Genotyping Array BeadChip (lllumina WeGene V3 Arrays, ~700k SNPs). The imputation and quality control of geno-
type data were consistent with Chinese discovery cohorts mentioned above. The metabolites were also profiled using the same
quantitative high-throughput NMR metabolomics platform described in the discovery dataset. A total of 4,480 participants with ge-
notype data and metabolomic data were included in the replication set. The association analyses were conducted in BOLT-LMM
(2.4.1) software. The analyses were adjusted for age, sex and top five genetic ancestry principal components, usage of lipid-lowering
medication, and CAD status.

Metabolite GWAS in European individuals from the UK Biobank

We utilized the UK Biobank baseline metabolomics data from the latest release in 2023, comprising 280,000 individuals approxi-
mately. It is noteworthy that the majority were non-fasting samples, with an average fasting time of 3 h (Figure S14). We applied
an inverse rank-based normal transformation to normalize the value of metabolites. We conducted GWAS analysis of metabolites
in individuals of European ancestry using UK Biobank dataset. The UK Biobank study has been described in detail.”' Following cen-
tral quality control procedures of UK Biobank,”" we excluded (1) individuals who had withdrawn consent, (2) non-Caucasian partic-
ipants, (3) those without genotyping data or NMR-metabolomic data, (4) those with sex chromosome aneuploidy, (5) those with a
mismatch between genetically inferred sex and self-reported sex, and (6) outliers for heterozygosity or missing rate, and eventually
included 213,397 participants in the analyses (Table S1 and Figure S15). Analyses were limited to variants that did not deviate from
HWE (p > 10~5), with an INFO >0.8 and MAF >1%. GWASs were performed in PLINK software, with the adjustment of age, sex, fast-
ing time, genotyping chips, assessment centers, metabolomic profiling batch, usage of lipid-lowering medications, and the top ten
principal components (Figure S16). Due to the larger sample size of the UK Biobank, we applied a more conservative Bonferroni-cor-
rected threshold (p < 4.31 x 10719 = 5 x 1078/116 metabolites) for significance.
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SNP-based heritability estimation

For Chinses populations, a genetic relationship matrix (GRM) was calculated using all autosomal SNPs with INFO>0.4, HWE-P>10"5,
and MAF>1% using GCTA-GRM. For UK Biobank, we randomly selected 20,000 unrelated European participants with both NMR-
metabolomic and imputed genotype data to build GRM as well. SNP-based heritability of each metabolite was calculated using
GCTA-REML with the same covariates as GWASSs.

Conditional analysis

To identify additional independent signals, we carried out stepwise conditional analyses (—cojo-sict) using the results of meta-ana-
lyses for each metabolite in GCTA software.'® We used genotype data from the Shanghai Changfeng Study, the largest participating
cohort in the meta-analysis of discovery dataset, as the reference for LD calculation. The threshold of significance was set at
p < 1.72 x 107° and the collinearity cutoff was r® = 0.9 within a 10Mb window.

Statistical fine-mapping
For each of the metabolite-associated loci, statistical fine-mapping was carried out using the FINEMAP (1.4.2) with the shotgun
stochastic search algorithm®® to identify potential causal variants. According to the FINEMAP’s instruction, the pairwise LD matrix
of SNPs for the Chinese population was estimated using PLINK based on genotype data from the Shanghai Changfeng Study. For
computational efficiency, the LD matrix for European individuals was estimated based on a randomly selected group of
20,000 unrelated European individuals from UK Biobank who passed quality control as mentioned above in SNP-based heritability
estimation.

For each locus, the FINEMAP outputs the Bayes factor and the posterior probability of each variant being causal for the associ-
ation. To construct a 95% credible set of potential causal variants, variants were ranked in descending order of posterior probability,
and then were included until the cumulative posterior probability exceeded 0.95.

Cross-ancestry meta-analysis and fine-mapping

We conducted cross-ancestry GWAS meta-analyses using genome-wide summary statistics from all four Chinese cohorts combined
with European summary statistics from the UK Biobank. To account for ancestral heterogeneity among these studies, we applied the
MR-MEGA algorithm?” in the cross-ancestry meta-analyses, which allows for heterogeneity between diverse ancestry groups and
includes axes of genetic variation among ancestry as covariates in the model.

We further conducted fine-mapping for cross-ancestry GWAS results. In order to identify the most likely causal variants for each
genetic locus, we ranked the variants within £500 kb of the lead variant based on their Bayes factors obtained from MR-MEGA anal-
ysis. The posterior probability for each variant was calculated by dividing cumulative Bayes factor of ranked variants by the total cu-
mulative Bayes factor in each locus. We accumulated the posterior probability values from the largest one until the joint probability
>95%, and the list of SNPs formed the 95% credible set. Subsequently, we utilized the Wilcoxon rank-sum test to investigate
whether the precision of identifying causal variants is enhanced through cross-ancestry fine-mapping, as compared to an analysis
focused solely on East Asian-specific data.

Annotation of variants and genes
We annotated all variants using the ANNOVAR software®’ in hg19 coordinates. ANNOVAR categories identify the SNP’s gene hit or
nearby, genic position (for example, intron, exon, intergenic) and associated function. Meanwhile, the allele frequency of the variants
in East Asian and Non-Finn European individuals were annotated with gnomAD genome database.®’ The CADD (v1.3) phred-scaled
score was used as a measure of predicted deleteriousness. '® A variant was considered deleterious when the CADD score was above
the suggested threshold of 12.37.%°

We attempted to assign the most likely causal gene to each lead SNPs based on the following process: (1) We first retrieved pro-
tein-coding genes within a 1 Mb region of lead variants. Subsequently, based on the information from associated metabolites, we
queried databases including HMIDB,** the KEGG pathway database,”® and the PubChem Chemical-Gene Co-occurrences in Liter-
ature database®” to determine whether these genes were involved in clear biological processes related to the associated metabo-
lites. (2) In case of the absence of a clear biological fit, we further checked if either the variant itself or its LD partner (R? > 0.8) was a
missense/splice/stop-gained variant for a known gene. (3) Finally, for unassigned variants, we defined the nearest gene as the likely
causal gene.

Identifications of associations

Based on the insights from metabolite epidemiological studies,” we compiled a list of previously published GWASs for association
queries. This list included (1) GWASs of NMR-based metabolites, (2) GWASs of clinically measured lipids, and (3) other platform-
based metabolite GWAS, from European, East Asian, South Asians, and Middle Eastern populations (Table S10). Given our use of
the latest individual-level NMR data from the UK Biobank (n~200,000) for GWAS, we did not include NMR GWAS studies that solely
used the UK Biobank as a single cohort.”® To assess the novelty of our metabolite associations, we utilized LDtrait®” (last updated on
May 1, 2024) and MRC IEU OpenGWAS database® to determine whether each lead SNP along with its LD partners (r? > 0.1 within
500Kb using genotypes of EAS or EUR ancestry from 1000 Genomes Project phase 3 v5 as the LD reference panel) had been
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previously linked to the corresponding metabolite. Variant-metabolite pairs were considered novel if neither these lead variants nor
their LD partners were previously associated (p <5 x 10~8) with the same metabolites or lipoproteins in prior studies, including our
metabolite GWAS in the UK Biobank.

Colocalization between metabolites and Biobank Japan disease traits

In order to test for shared causal variants between metabolites and Biobank Japan disease traits, we carried out Bayesian colocal-
ization analyses using the R package ‘coloc’ (v5.1.0).?” From the Biobank Japan GWAS of 42 diseases,'’ we excluded 20 diseases,
including 7 sex-specific diseases which require sex-specific summary statistics for analysis, 3 infectious diseases with very limited
genetic inheritance, 3 allergic diseases which were tightly associated with immunity rather than lipoproteins, and 8 diseases with
insufficient cases (prevalence <1%), resulting in 21 diseases included in the following analyses (Table S15). We initially employed
the Sum of Single Effects (SuSIiE) regression-based colocalization (COLOC-SuSIiE) method, which can identify multiple potential
causal variants within a region. When SuSiE failed to converge after 10,000 iterations, we reverted to using COLOC-single.
COLOC-SUuSIE requires a matrix of linkage disequilibrium values, which we generated from the EAS samples in the 1000 Genomes
phase 3 data with PLINK. For each metabolite, SNPs within the 1Mb range of the lead SNP from the meta-analyses were extracted
and included in the colocalization analyses. We used the default priors for the analyses. The posterior probability values were esti-
mated for Hy (neither trait has a genetic association), H1/H, (only the metabolite or disease has a genetic association); Hz (two traits
are associated but with different causal variants in the region), and H, (two traits share one causal variant in the region). Posterior
probability values for H, greater than 0.8 were considered colocalized.

Causal effects between metabolites and diseases estimated by two sample Mendelian randomization

Two-sample MR analyses were performed to estimate the causal effects between circulating metabolites and diseases in East Asian
individuals (Figure S8). We followed the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE)-MR guide-
lines”” (Table S19). We utilized the meta-analysis of metabolite GWAS from Chinese populations as the source for exposure. Given
that Japanese population shared a similar genetic architecture with Chinese population, we obtained disease GWASs from Biobank
Japan as the source for outcomes.'” In short, the GWASs were performed in approximately 200,000 Japanese individuals using a
generalized LMM using SAIGE adjusted for age, sex and the top five principal components (based on GRCh37/hg19)."” Specifically,
there was no overlapping of individuals between the cohorts for exposure and outcome.

We adopted two parallel criteria to select the 11 diseases in the final analysis: (1) Based on the characteristics of the NMR-metab-
olite platform (focusing on lipids) and prior knowledge on the disease risk influenced by lipids, we selected 6 cardiometabolic dis-
eases. (2) We performed pairwise colocalization analyses between the metabolites and 21 included diseases in Biobank Japan,
further including 5 diseases demonstrating colocalization signals with metabolites (PPH, > 0.8), i.e., asthma, chronic obstructive
pulmonary disease, colorectal cancer, gastric cancer and urolithiasis. The detailed information can be found in Figure S8A and
Table S14.

For each metabolite, we selected SNPs at a standard genome-wide significant threshold (o <5 x 1078 and LD r? < 0.1 for clumping
(1000 Genomes phase 3 v5 EAS [GRCh37/hg19] as reference panel) to build instrumental variables. Summary statistics from our
Meta-analyses and BBJ were harmonized to make alignment on effect alleles before every MR analysis. Palindromic SNPs (i.e.,
SNPs with A/T or G/C) with intermediate allele frequencies (MAF>0.42) were directly excluded. To assess the strength of selected
instrumental SNPs and avoid weak instrument bias, we calculate F statistic for each instrumental variable and SNPs with F statistic
>10 were considered as strong instruments. Meanwhile, we also applied MR-PRESSO method®® to detect and filter out any outliers
SNP that may contribute to horizontal pleiotropy. SNPs after these stringent selections were then used as instrumental variables in
the subsequent two sample MR.

For all metabolomic traits, we used the inverse variance-weighted method to perform univariable MR. Meanwhile, the MR-Egger
regression, the weighted-median method, and the weight-mode method were used as routine sensitivity analyses. Considering po-
tential bias due to pleiotropy that documented in metabolite GWAS, '* %' we employed two strategies based on different metabolite
categories (Figure S8B). For lipids, we additionally performed multivariable MR, adjusting each lipid for TC, TG, LDL-c and HDL-c,
respectively.”®® For non-lipid metabolic traits, we constructed a stricter IV for each metabolite following recent practice, '° excluding
pleiotropic variants that had more than two associations across all 171 metabolites identified in our study (the criterion was based on
the median number of metabolite associations per lead SNP). A statistically significant causal effect was defined by a Bonferroni-
corrected threshold (p < 1.57 x 10~% = 0.05/[11 diseasesx29 PCs of metabolites]) and required consistency in the direction of as-
sociation across the various above-mentioned MR methods.

Heterogeneity was assessed using Cochran’s Q statistics. The presence of potential directional horizontal pleiotropy was as-
sessed by intercept term in MR-Egger method. Leave-one-out analysis were performed by removing each SNP in turn to determine
whether the causal estimate was driven by any single SNP. All the TSMR analyses were performed in R software (4.2.2) with the
“TwoSampleMR” package (0.5.6).°

The significant causal association pairs of metabolite and disease identified in East Asian individuals were then replicated in Eu-
ropean populations. The instrumental variables were extracted from the metabolite GWAS in European individuals from the UK Bio-
bank following instrumental variable selection procedure above. The summary statistics for diseases were obtained from FinnGen
(DF9)*” and the detailed information can be found in Table S15. The MR analyses was performed as described above.
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Multivariable Mendelian randomization

For lipid metabolic traits, we performed multivariable MR, adjusting each lipid for TC, TG, LDL-c and HDL-c, respectively.
each model, we combined SNPs at a standard genome-wide significant threshold (p < 5 x 108) for each lipid into a set of instru-
mental variables. We then clumped these SNPs and re-extracted the final clumped SNPs from the original summary statistics of
each lipid. Data harmonization was also performed as above described. The conditional F statistics®® for each lipoprotein was
calculated to assess the instrument strength. The direct effect of each lipid on outcome in the multivariable MR was estimate using
the IVW method.

78,79 In
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