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Abstract

Metabolites are small molecules involved in cellular metabolism, which can be detected in biological samples using metabolomic
techniques. Here we present the results of genome-wide association and meta-analyses for variation in the blood serum levels of
129 metabolites as measured by the Biocrates metabolomic platform. In a discovery sample of 7,478 individuals of European
descent, we find 4,068 genome- and metabolome-wide significant (Z-test, P<1.09 x 10 ~9) associations between single-nucleotide
polymorphisms (SNPs) and metabolites, involving 59 independent SNPs and 85 metabolites. Five of the fifty-nine independent
SNPs are new for serum metabolite levels, and were followed-up for replication in an independent sample (N=1,182). The novel
SNPs are located in or near genes encoding metabolite transporter proteins or enzymes (SLC22A16, ARG1, AGPS and ACSL1)
that have demonstrated biomedical or pharmaceutical importance. The further characterization of genetic influences on metabolic
phenotypes is important for progress in biological and medical research.

Subject terms: Biological sciences Genetics

Introduction

Metabolite levels in human blood reflect the physiological state of the body, and may differ between individuals because of variation
in genetic makeup and environmental exposure1. The study of the genetic contribution to variation in metabolite levels is an
important basis for improved aetiological understanding, prevention, diagnosis and treatment of complex disorders' 2. Modern
high-throughput metabolomics enables the cost-effective measurement of large metabolite panels in blood samples obtained from
many individuals. The data generated by such metabolomic experiments have been combined with genotypic data in several recent
genome-wide association (GWA) studies? 3:4.5.6.7.8,9,10,11,12 |ndeed, the combined investigation of large numbers of genetic
variants and large numbers of metabolic traits is beginning to draw a systems-wide overview of genetic influences on human
metabolism! . However, the heritability estimates from twin and family studies®: 10: 11. 13 syggest that additional genetic variants
influencing variation in serum metabolite levels remain to be found in GWA studies.

In the current study, we set out to further characterize the genetic contribution to variation in human blood metabolite levels. We
perform GWA and meta-analyses for the concentrations of 129 serum metabolites in seven independent cohorts, with replication
analyses in one additional cohort. To functionally characterize the significant single-nucleotide polymorphism (SNP)-metabolite
associations, we integrate the results of the GWA meta-analyses with those from gene expression analysis in whole blood and the
liver. Finally, we compare the variance explained by significantly associated SNPs with heritability estimates for each metabolite.

We identify 4,068 significant SNP-metabolite associations, involving 59 independent SNPs and 85 different metabolites. Five of the
fifty-nine independent SNPs are novel for serum metabolite levels. The newly found SNP-metabolite associations may lead to a
better understanding of cardiovascular and metabolic disease, and may have implications for chemotherapy. Our findings
contribute to the understanding of human metabolism.

Results

Discovery meta-analysis of GWA scans

Primary genetic association analyses were carried out in seven cohorts (TwinsUK, KORA, EGCUT, LLS, QIMR, ERF and NTR) with
a combined sample size of 7,478 individuals. Characteristics of the study participants included in the analyses (all of European
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descent) are given in Supplementary Table 1. Within each cohort, SNP genotypes were imputed and analysed for association with
the concentrations of each metabolite, assuming a linear model of association and correcting for population stratification (see
Methods and Supplementary Table 2). Supplementary Tables 3-5 and Supplementary Data 1 list the characteristics of the 129
metabolites (18 acylcarnitines, 14 amino acids, 82 glycerophospholipids, 14 sphingolipids and hexose) that were measured in the
serum samples from all study participants using the Biocrates platform. The cohort-level GWA results were pooled in inverse
variance-weighted, fixed-effects meta-analysis. The values of the genomic control lambda (Agc, applied to the individual cohort-
level results for each metabolite before meta-analysis) varied between 0.976 and 1.081 across all metabolites and cohorts (see
Supplementary Table 6), suggesting little residual influence on the GWA results of population stratification and other potential
confounders. A three-dimensional Manhattan plot providing an overview of the association P values in the discovery phase for all
metabolites is given in Fig. 1; two-dimensional Manhattan plots and quantile-quantile plots for each metabolite separately are given
in Supplementary Figs 1 and 2, respectively. Overall, 4,068 SNP-metabolite associations reached genome- and metabolome-wide
significance (Z-test, P<1.09 x 10 ~9), which reduced to 123 associations involving 59 independent SNPs and 85 different
metabolites. Of these 123 associations (listed in Supplementary Data 2), 4 represented secondary association signals according to
approximate conditional analysis. Regional association plots, showing the association signals in the regions surrounding the lead
metabolomic SNPs, are given for all 123 associations in Supplementary Fig. 3. SNPs representing independent association signals
were aggregated into 31 genomic loci, which are listed in Supplementary Data 3. Figure 2 depicts all associations between loci and
metabolites as detected in the discovery phase.

Figure 1: Manhattan plots for all metabolites targeted by the Biocrates AbsolutelDQ p150 kit (N=[1,497, 7,478]).
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These plots graphically display the P values for significant (Z-test P<1.09 x 10'9) SNP-metabolite associations in the discovery phase in the
current study. (a) A three-dimensional view; orthogonal projections are given in (b) and (c). SNPs are arranged according to genomic location
along the ‘Chromosome’ axes. The ordering of the metabolites along the ‘Metabolite index’ axes is equal in both a and ¢, and equal to that in
Supplementary Table 3. In a and b, all data points are displayed semi-transparent and therefore opaque regions in the plot indicate clusters
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of significant associations. In b, loci are identified by most plausible causal gene or, if no plausible genes found, by nearest gene. Where
multiple plausible genes could be identified at the locus (possibly for different metabolites), the gene names are separated by an underscore
(") in the locus name. In c, the size of the markers scales linearly with -logo(P value). This Figure is also supplied as a movie (see
Supplementary Movie 1).

Figure 2: Associations between loci and metabolites detected in stage 1 meta-analysis in the current study (N=[1,588,
7,478)).
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Loci significantly associated with at least one metabolite are depicted as grey circles. Biochemical classes (see Supplementary Table 3) of
the metabolites (hexagons) are indicated by node colours: green, acylcarnitines; blue, amino acids; purple, glycerophospholipids; yellow,
sphingolipids. Arrows point from each locus to the associated metabolite(s); arrow widths scale linearly with -logqg(association P value). Grey
arrows denote previously known associations; red arrows denote associations that were newly discovered on the basis of stage 1 meta-
analysis in the current study (that is, either associations with new SNPs for serum metabolite levels, or an association of a known SNP with
a new metabolite with respect to 11 previous GWA studies for serum metabolite levels 2,3,4,5,6,7,8,9,10,11, 12). Loci are identified by most
plausible causal gene or, if no plausible genes found, by nearest gene. Where multiple plausible genes could be identified at the locus
(possibly for different metabolites), the gene names are separated by an underscore (*_’) in the locus name. At this significance threshold
(P=1.09 x 10'9), the locus-metabolite association network separates into 12 connected components or disconnected sub-networks, each
including metabolites from maximally two chemical classes. This figure was created using Cytoscape52

Five independent SNPs had not been associated with variation in serum metabolite levels in previous GWA studies (see Table 1).
To further interpret the association of the remaining 54 SNPs with serum metabolite concentrations, we compared our findings with
those from 11 published GWA studies?: 3:4.5.6.7.8,9,10, 11,12 for which at least one of the included metabolites overlapped with
the current study. The identified associations of known SNPs with metabolites that were significant in discovery stage meta-analysis
in the current study and that had not been reported in those previous studies are highlighted in Fig. 2 and in Supplementary Data
2.
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Table 1: Novel SNPs for serum metabolite levels identified in the current study.

Replication analysis

Replication analyses were performed in an independent sample (N=1,182) from the KORA S4 cohort (hereafter KORA S4
replication sample) for the five new SNPs for serum metabolite levels that had been found in the discovery phase meta-analysis.
The associations with their most strongly associated metabolite were replicated for four of these five novel SNPs; the only non-
replicated association was that between SNP rs7582179 and metabolite PC ae C44:5. Although the effect sign was concordant
between the discovery set and the KORA $4 replication sample (Table 1), this association was significant in the discovery phase for
the NTR and KORA cohorts only (see Supplementary Fig. 4).

Integration with gene expression analysis results

We integrated the results of the metabolomics discovery stage GWA meta-analysis with the results of gene expression analyses in
whole blood and the liver. In whole blood, both cis and trans expression quantitative trait locus (cis-eQTL and trans-eQTL,
respectively) analyses were performed in two different samples originating from the United Kingdom, the Netherlands and Estonia:
the Dutch NTR-NESDA sample (N=5,071) and the Fehrmann-EGCUT sample comprising data from three cohorts that were meta-
analysed (total N=2,360; see Methods and Supplementary Methods). The results of cis-eQTL analysis for lead metabolomic SNPs
showing overlap with cis-eQTL SNPs are given for the NTR-NESDA and Fehrmann-EGCUT samples in Supplementary Data 4 and
5, respectively. Significant (false discovery rate<0.05) trans-eQTL effects for lead metabolomic SNPs in the Fehrmann-EGCUT
sample are listed in Supplementary Data 6. We did not detect trans-eQTL effects for the lead metabolomic SNPs in the NTR-
NESDA sample. Thirty-five lead metabolomic SNPs identified cis-eQTLs in at least one of the searched tissues (i.e., whole blood
and/or the liver) with a (-, Z- or Kruskal-Wallis test) P<0.001, defining a total of 67 SNP-gene pairs and 28 different genes (see
Supplementary Data 7). The cis-eQTL analysis results were used to support the annotation of likely causal genes to loci that
displayed significant association with variation in serum metabolite concentrations in the discovery stage meta-analysis (see
Supplementary Data 3). Of the 28 genes, 14 were predicted to be causal on the basis of our annotation and the other 14 were
predicted to be non-causal.

Variance explained

It has been described previously that a relatively small number of genetic variants can explain a relatively large proportion of the
variance observed for serum metabolite levels*: 2 9. Therefore, we compared the variance in serum metabolite levels explained by
significantly associated SNPs, with the heritability as estimated in a monozygotic twin sample from the NTR cohort (N=181 pairs; see
Fig. 3)'3. Among all metabolites, the largest proportion of phenotypic variance was explained for C9 (13%; see Supplementary
Data 2). In the current study, this metabolite associated significantly with SNPs in the THEM4 and CPS1_ACADL loci. The largest
proportion of heritability was explained for lysoPC a C20:4 (19%; corresponding with 10% of the phenotypic variance), which was
associated with a SNP in the FADS7-3 locus. The results of polygenic score (PGS) analyses (see Supplementary Fig. 5 and
Supplementary Note 1) suggest different genetic background of variation in serum levels for different metabolites, ranging from
close-to-monogenic to highly polygenic.

Figure 3: Decomposition of variation in serum metabolite levels.
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This figure displays the proportions of variance in serum metabolite level explained by significantly associated SNPs; heritability not explained
by significantly associated SNPs and unexplained (environmental) variance. Seventy-six metabolites are included for which both heritability
estimates (monozygotic twin correlations taken from reference'3; N=181 pairs; Pearson correlation) were available, and that displayed
genome- and metabolome-wide associations with SNPs in stage 1 GWA meta-analysis in the current study (N=[1,588, 7,478]). Proportion of
variance explained by significantly associated SNPs was estimated as Pearson’s phi coefficient squared. Metabolites are grouped according
to biochemical class.

Discussion

We set out to enhance the current understanding of the genetic underpinnings of variation in circulating metabolite levels in
humans. To this end, we employed a well-established targeted metabolomics platform (Biocrates) in combination with genome-wide
SNP genotyping and imputation in eight independent cohorts of European descent. By meta-analysis of GWA analyses carried out
for each of 129 metabolites measured in the serum samples of all individual study participants, the current study identified 123
significant SNP-metabolite associations between 59 independent SNPs and 85 different metabolites. Five of the independent SNPs
were new for variation in serum metabolite levels.

Consistent with previous reports, for the majority of all 59 independent SNPs we were able to annotate a likely causal gene, which in
most cases encoded a metabolite transporter protein or enzyme. The five new SNPs for serum metabolite levels are also all located
nearby such genes, and their associations with metabolites tend to match the known function of these genes. SNP rs7582179 in the
AGPS gene is associated with the choline plasmalogen PC ae C44:5. Mutations in AGPS (encoding the enzyme alkylglycerone
phosphate synthase) are known to cause rhizomelic chondrodysplasia punctata type 3 (RCDP3; OMIM:600121 (ref. 14)), a rare
autosomal recessive disorder that is fatal, with death occurring often early in childhood. Clinically, RCDP3 is characterized by
significantly delayed and abnormal physical and mental development, with shortness of the proximal limb bones (‘rhizomelia’) being
one of the hallmarks. RCDP3 has been shown to result from reduced production of plasmalogens (a type of ether phospholipids) by
alkylglycerone phosphate synthase in peroxisomes. The association in the current study of a SNP within the AGPS gene with the
serum concentration of the choline plasmalogen PC ae C44:5 is therefore perfectly concordant with the known gene-disease link
between AGPS and RCDP3. PC ae C44:5 also associated significantly with the new SNP rs7700133 located near the ACSL17 gene,
encoding long-chain acyl CoA synthetase 1. Previous studies have shown links between genetic and transcriptional variation of
ACSL1 and the metabolic syndrome 15 16. The new SNP rs12210538, located within the SLC22A16 gene, associated with the two
acylcarnitines C18:1 and C18:2. This gene encodes a carnitine transporter that mediates the uptake of anticancer drugs such as
bleomycin and doxorubicin into tumour cells, and its activity correlates with treatment response”’ 18, Significant associations were
found for two SNPs (rs17657817 and rs2246012) located inside the ARG1 gene (coding for the enzyme arginase) with serum
concentrations of the amino acid ornithine that participates in the urea cycle. Importantly, the global arginine bioavailability ratio
(that is, the ratio of arginine to ornithine and citrulline 19) is of interest as a potential biomarker for endothelial dysfunction, which is
a known risk factor for the development of cardiovascular disease?0. The two newly identified SNPs associated with serum ornithine
levels might now be used as instrumental variables in cost-effective Mendelian randomization studies in large samples of
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