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Abstract
Metabolite quantitative traits carry great promise for epidemiological studies, and their genetic background has been addressed
using Genome-Wide Association Studies (GWAS). Thus far, the role of less common variants has not been exhaustively studied. Here,
we set out a GWAS for metabolite quantitative traits in serum, followed by exome sequence analysis to zoom in on putative causal
variants in the associated genes. 1H Nuclear Magnetic Resonance (1H-NMR) spectroscopy experiments yielded successful
quantification of 42 unique metabolites in 2,482 individuals from The Erasmus Rucphen Family (ERF) study. Heritability of
metabolites were estimated by SOLAR. GWAS was performed by linear mixed models, using HapMap imputations. Based on
physical vicinity and pathway analyses, candidate genes were screened for coding region variation using exome sequence data.
Heritability estimates for metabolites ranged between 10% and 52%. GWAS replicated three known loci in the metabolome wide
significance: CPS1 with glycine (P-value = 1.27610232), PRODH with proline (P-value = 1.11610219), SLC16A9 with carnitine level
(P-value = 4.81610214) and uncovered a novel association between DMGDH and dimethyl-glycine (P-value = 1.65610219) level. In
addition, we found three novel, suggestively significant loci: TNP1 with pyruvate (P-value = 1.2661028), KCNJ16 with
3-hydroxybutyrate (P-value = 1.6561028) and 2p12 locus with valine (P-value = 3.4961028). Exome sequence analysis identified
potentially causal coding and regulatory variants located in the genes CPS1, KCNJ2 and PRODH, and revealed allelic heterogeneity
for CPS1 and PRODH. Combined GWAS and exome analyses of metabolites detected by high-resolution 1H-NMR is a robust
approach to uncover metabolite quantitative trait loci (mQTL), and the likely causative variants in these loci. It is anticipated that
insight in the genetics of intermediate phenotypes will provide additional insight into the genetics of complex traits.
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migraine and depression [1–3]. The sample sizes in the first
genome-wide association studies (GWAS) of metabolite quantitative traits were in general relatively small compared to GWAS
on traditional phenotypes, yet revealed strong signals for
association of common variants with specific metabolites.
Single-proton Nuclear Magnetic Resonance (1H-NMR) spectroscopy is a metabolomics technique that requires relatively little
sample preparation, yet has the capacity to reproducibly quantify
dozens to more than 100 metabolite signals per measurement.
Several studies have reported genetic loci that influence the

Introduction
Intermediary metabolites in bodily fluids seem a direct
reflection of our genetic constituency in interaction with the
environment, which includes eating habits, life style and other
external factors. Thus, the use of metabolomic phenotypes in
genetic epidemiological studies may provide specific insight in
pathways underlying complex metabolic diseases, such as type 2
diabetes mellitus (T2D), stroke or cardiovascular disease (CVD)
but also other complex diseases such as rheumatoid arthritis,
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associated with glycine level (P-value = 1.27610232) [8],
rs2540641 35 Kb distant from proline dehydrogenase (oxidase) 1
(PRODH) gene (P-value = 1.11610219) associated with proline
levels [9] and rs1171614 in the 5’UTR of SLC16A9 (solute carrier
family 16, member 9) associated with carnitine level (P-value
= 4.81610214) [9–11]. The association between intronic SNP
rs248386 within DMGDH (dimethyl-glycine dehydrogenase) and
dimethyl-glycine level is a novel finding (P-value = 1.65610219).
This locus has also been associated with betaine, which is a closely
related metabolite [8].
Four other suggestively significant loci were uncovered by our
analyses (5.061028.P-value.1.1061029). One of these has
previously been identified in urine: the association between
rs8056893 within the SLC7A9 (solute carrier family 7 member
9) and lysine (P-value = 1.2661028) [12]. Three novel associations
were found (1) rs1922005 located inside the TNP1 (transition
protein 1) gene and pyruvate level (P-value = 1.2661028), (2)
rs9896573 located nearby KCNJ16 (potassium inwardly-rectifying
channel, subfamily J, member 16) and 3-hydroxybutyrate level (Pvalue = 1.6561028) (3) rs11687765 located in a non-protein
coding region on chromosome 2 and valine level, (P-value
= 3.4961028). For the 8 top loci, we also investigated the mode of
inheritance. The model supervised analysis in those regions of
interest shows that the recessive genetic model applies successfully
for six of the effect alleles: rs715 (CPS1) on glycine, rs1922005
(TNP1) on pyruvate rs248386 (DMGDH) on dimethyl-glycine,
rs1171614 (SLC16A9) on carnitine, rs8056893 (SLC7A9) on
lysine and rs2540641 (PRODH) on proline. For rs11687765
(intergenic on chromosome 2) affecting valine, the mode of
inheritance seems to be dominant for the effect allele. For
rs9896573 (KCNJ16) affecting 3-hydroxybutyrate, the overdominant model resulted in the strongest association among the
models tested.
Fine mapping within the candidate genes. In the same
study population exome sequences of 921 individuals from the
ERF pedigree were analyzed for potentially causal SNPs in
biologically plausible genes which were extracted using an
automated workflow, within the top eight GWAS loci in Table 1.
The outputs of the automated workflow are given in S1 Text. In
addition to coding region variation, a number of intronic variants
that were captured around the intron-exon connections, as well as
nearby 5’UTR and 39UTR variants were captured by sequencing
and those were also included in analysis. This approach revealed
in total seven independent SNPs with potentially causal effects
located inside CPS1, KCNJ2 (potassium inwardly-rectifying
channel, subfamily J, member 2), PRODH and SLC25A1 (solute
carrier family 25 member 1) (Table 2). More precisely, for glycine
we found evidence for two independent effects within the CPS1
gene. First, the missense mutation Thr1412Asn (rs1047891) within
CPS1 is the most likely causal variant tagged by the GWAS SNP
rs715, due to the high LD (R2 = 0.92) and large drop in P-values
after conditioning the SNP-metabolite associations for each other.
Second, we found three intronic variants in strong LD with each
other (R2.0.89) in CPS1 that independently associated with
glycine (lowest P-value = 2.5561025 for rs182548513, Table 2)
when conditioned on the leading GWAS SNP. For 3-hydroxybutyrate, we found that rs173135 located 39UTR of KCNJ2 gene is
most likely the causal SNP (P-value = 1.01610207) influencing the
circulating level of this metabolite. Rs173135 is in strong LD with
the leading GWAS SNP (R2 = 0.72) showed a large drop in Pvalue, yet remained significant in the conditional analysis (P-value
= 0.002). For proline, in total, we observed four independent
effects within the PRODH locus including one missense mutation
Thr116Asn (rs5747933, P-value = 1.8261029), two intronic

Author Summary
Human metabolic individuality is under strict control of
genetic and environmental factors. In our study, we aimed
to find the genetic determinants of circulating molecules
in sera of large set of individuals representing the general
population. First, we performed a hypothesis-free genome
wide screen in this population to identify genetic regions
of interest. Our study confirmed four known gene
metabolite connections, but also pointed to four novel
ones. Genome-wide screens enriched for common intergenic variants may miss causal genetic variations directly
changing the protein sequence. To investigate this further,
we zoomed into regions of interest and tested whether the
association signals obtained in the first stage were direct,
or whether they represent causal variations, which were
not captured in the initial panel. These subsequent tests
showed that protein coding and regulatory variations are
involved in metabolite levels. For two genomic regions we
also found that genes harbour more than one causal
variant influencing metabolite levels independent of each
other. We also observed strong connection between
markers of cardio-metabolic health and metabolites. Taken
together, our novel loci are of interest for further research
to investigate the causal relation to for instance type 2
diabetes and cardiovascular disease.
metabolites quantified by 1H-NMR in plasma and urine [4-7].
Here, we present the results of 42 plasma metabolites quantified
by 1H-NMR spectroscopy in 2,482 individuals of the familybased Erasmus Rucphen Family (ERF) study, a Dutch genetic
isolate. We estimated the heritability and the effect of shared
environment (household effect) for these metabolites. The GWA
was followed by high-resolution analysis of coding variants in the
candidate genes that were identified by physical proximity and
pathway analysis. To provide further insight into the pathogenesis
of cardio-metabolic diseases, we also investigated the association
between the NMR metabolites and the classical risk factors for
CVD and T2D.

Results
Heritability estimates and GWAS results
The study was conducted in the ERF population (see S1 Table)
using fasting serum samples. After quality filtering, we resolved 42
metabolites, for which the identity was confirmed by the typical
chemical shifts of the related peaks, their high correlation with
other peaks and spiking of pure compounds in serum (S2 Table).
Heritability estimates of the metabolites were moderate to high
ranging from 10% to 52% whereas estimates for the shared
environmental effect ranged from 0% to 8% (Fig. 1). The highest
heritability is observed for citrate (52%), followed by phenylalanine
(51%), ornithine (47%) and methanol (45%) whereas the lowest
heritability estimate was 10% for 3-hydroxybutyrate. We performed genome-wide association (GWA) analysis for all metabolite
SNP pairs, including 2.5 M SNPs from the HapMap2 reference
panel, see S1 Fig. for the Q-Q plots of the 42 metabolites. In total,
we found eight unique genomic loci that associated with NMR
metabolites below the genome-wide significant P-value threshold
(P-value ,5.061028) as shown in the Manhattan plot (Fig. 2).
Regional plots of the 8 loci are shown in S2 Fig.. Four of these loci
were also significant after correction for the number of metabolites
analyzed (P-value ,1.1061029) and three of these were previously
shown to associate with the same metabolites: rs715 located in the
39UTR of the carbamoyl-phosphate synthase 1 (CPS1) gene
PLOS Genetics | www.plosgenetics.org
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Fig. 1. Heritability and sibship effects on the NMR metabolites. Figure shows the magnitude of heritability (H2) and sibship (household) effect
estimates for each metabolic trait included in the ERF population.
doi:10.1371/journal.pgen.1004835.g001

SNPS (rs1076466, P-value = 6.3461024 and rs3213491, P-value
= 7.4861024) and one (semi-)independent SNP rs13058335 (R2
= 0.66 with the leading GWAS SNP), explaining the GWAS
finding with a conditional P-value = 1.2061025. We also found
significant coding variations associated with dimethyl-glycine,
carnitine, pyruvate and lysine however all those signals vanished
after adjustment by the leading GWAS SNP, indicating that these
associations so far are best explained by the leading GWAS hits in
these regions (S3 Table).
eQTL and functional effects. We used the GTEX and
GEUVADIS [13] databases to check if the significantly associated
SNPs affect cis gene expression. We obtained evidence that the
leading GWAS SNP for carnitine (rs1171614) influenced the
expression of SLC16A9 in lymphoblasts (P-value = 8.9161026)
and rs8056893 (associated with lysine) influenced the expression of
ZPF90 in lymphoblasts (P-value = 4.0161026) and SLC7A9 in
thyroid cells (P-value = 0.00008). Rs248386 (associated with
dimethyl-glycine) associated with the expression of BHMT
(betaine—homocysteine S-methyltransferase) in the tibial nerve
(P-value = 0.000066). One of the missense variants; Thr1412Asn
(rs1047891) in CPS1 predicted to be ‘‘tolerated’’ by SIFT and
‘‘benign’’ by Polyphen functional predictions. The other missense

variant Thr116Asn (rs5747933) on PRODH predicted to be
‘‘tolerated’’ by SIFT and ‘‘possibly damaging’’ by Polyphen.
Correlation with classical risk factors. Within the ERF
population, we found that BMI correlated positively with carnitine
(r = 0.136, P-value = 4.40610211), proline (r = 0.123, P-value
= 2.8061029), pyruvate (r = 0.240, P-value = 5.40610232), lysine
(r = 0.132, P-value = 1.45610210), and valine (r = 0.383, P-value
= 2.05610282) (S4-A Table), whereas BMI correlated negatively
with glycine (r = 20.178, P-value = 4.19610218). After additional
adjustment for BMI, we observed that pyruvate, lysine and valine
correlated positively with risk factors of T2DM, whereas glycine
correlated negatively with triglycerides and C-reactive protein
(CRP) (S4-B Table). Dimethyl-glycine particularly correlated with
measures of kidney function; uric acid (r = 0.21, P-value
= 2.4261029), glomerular filtration rate (eGFR) (r = 20.14, Pvalue = 2.53610210), urea (r = 0.18, P-value = 1.2061027), and
creatinine (r = 0.22, P-value = 1.35610222).
We also explored possible relationships between the eight
mQTL and the classical risk factors. Among the metabolites which
associate with BMI, none of the mQTLs were associated with BMI
itself in the ERF population. In addition, the association of the
mQTLs with the metabolites glycine, carnitine, proline, pyruvate,

Fig. 2. GWAS results of the NMR metabolites. Figure shows the aggregated Manhattan plot for the 42 metabolites studied. Red line shows the
suggestive genome-wide significance level with a P-value of 561028.Loci harbouring DMGDH, SLC16A9, PRODH and CPS1 are reported as
metabolome wide significance.
doi:10.1371/journal.pgen.1004835.g002
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lysine and valine did not change after adjustment for BMI (S5
Table). Interestingly, only for rs11687765 (valine-QTL) association with risk factors reached nominally significant P-values:
specifically glucose (P-value = 0.013), HOMA, insulin resistance
(P-value = 0.049) and gynoid fat mass (P-value = 0.003).
Association of rs11687765 with HOMA-insulin resistance dropped
when adjusted by the valine level itself (P-value = 0.122).

Discussion
In this study, we report on the heritability, GWAS, candidate
genes and fine genetic mapping of 42 metabolites identified and
quantified using 1H-NMR spectroscopy in the Erasmus Rucphen
Family (ERF) study. In 2009, the first GWAS of metabolites
identified by 1H-NMR spectroscopy measured in human plasma
was reported by Chasman et al. [4]. This study focused primarily
on lipoprotein particle size and content, and did not measure other
metabolites such as organic acids and amino acids, yet reported 43
significant metabolite mQTL. This was followed by three reports
on blood and urine samples [5,6] the largest of which by
Kettunnen et al. involving both small metabolites and lipoprotein
particle sizes, reporting 31 novel mQTL [7]. Recently, Rueedi et
al. reported one novel locus using an untargeted approach [12].
Here, we used 1H-NMR J-Resolved 2D spectrometry followed by
spiking experiments, yielding a reliable certain metabolite
identification. Traditional CVD traits in ERF and other cohorts
in general show a heritability ranging from 20% to 30% [14]. In
the present study, we observed a similar distribution of heritability
for NMR detected metabolites, ranging from 10% to 52%. These
heritability estimates seem somewhat lower than those found in
the NMR GWAS by Kettunen et al. [7]. However, in that report a
significant proportion of the reported NMR traits and heritability
estimates concern lipoprotein particle characteristics. Since, in
general, heritability for lipoproteins is high [7], ranging from 30%
to 50%, this could explain the apparent discrepancy with our
reported heritability data.
Using verified metabolites, we replicated three known loci and
uncovered a novel association for dimethyl-glycine in the vicinity
of the biologically plausible genes DMGDH and BHMT. This was
expected since our study had 62 to 100% power to detect genetic
variants with 0.2 to 0.5 effect size with metabolome-wide
significant P-value (1.161029) for a bi-allelic marker with 0.3
MAF (for instance rs715 in CPS1) based on the assumption of
complete LD with the causal genetic variant. For more rare
variants with larger effect size such as rs248386 in DMDGH with
0.15 MAF and 0.4 effect size the power on metabolome wide
significance was 100%. Furthermore, we report suggestive
common genetic variants; first in an intergenic region on
chromosome 2 for valine, second in TNP1 for pyruvate and lastly
in KCNJ16 for 3-hydroxybutyrate levels. Analysis of the coding
sequence in the candidate genes uncovered potentially causal
signals within CPS1, KCNJ2 and PRODH that explain the
GWAS hits, as well as additional independent signals located in
CPS1 and PRODH indicating allelic heterogeneity within these
genes. Among the eight mQTL, rs715 in CPS1 explained the
highest (10%)of the total phenotypic variance in circulating glycine
levels (Table 1).This was higher than the total explained variance
in for glycine level by age and sex. (S6 Table).
The CPS1 locus has been previously found associated with
kidney disease, homocysteine, and several metabolite levels
including glycine. CPS1 mutations are known to cause carbamoylphosphate synthetase I deficiency, an autosomal recessive
inborn error of metabolism of the urea cycle which causes
hyperammonemia. The disease may also have a delayed onset in
5
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predominantly expressed in heart muscles but also in brain and the
locus has been previously associated with QT interval and cardiac
repolarization. Currently, it is not known how this gene may be
affecting 3-hydroxybutyrate levels. The association between
SLC7A9 and valine has previously been shown [9]. Within the
candidate genes in this locus, we were not able to detect any causal
variants. However, the leading GWAS SNP is associated with
expression of SLC7A9 and ZPF90. Finally, valine has been
suggestively associated with an intergenic region with no eQTL
association. This region has been previously shown to associate
with bilirubin level, which is a determinant of hepatic health. The
strong correlation between valine and pyruvate levels and the risk
factors of T2DM suggests these loci are candidates for T2DM
research. Using the data from the ERF population, for 7 out of 8
loci, we found no evidence that the mQTL discovered directly or
indirectly influenced the risk factors for common diseases. Our
data indicate that the association between these mQTLs and the
metabolites were independent of disease risk factors. For BMI, our
results support an additive effect of BMI and mQTL, both
influencing the metabolite levels. We did find evidence for an
association between HOMA insulin resistance, valine and
rs11687765. However, this finding asks for replication in
independent larger sized studies.
Altogether, our study provides strong evidence for associations
of metabolic traits with a range of novel and previously detected
genetic loci. These loci are potentially of biomedical and
pharmaceutical interest, and may provide insight into human
metabolic and disease pathways.

adulthood and is associated with chronic kidney disease. Genenetwork predictions for this gene included functions such as
triglycerides (TG) and lipoprotein homeostasis. In our study, we
also found association of the same SNP with creatine level and also
observed a significant correlation between creatine and glycine
(r = 0.08, P-value = 1.4661024), glomerular filtration rate (r = 2
0.09, P-value = 7.0761025) and TG (r = 20.08, P-value
= 1.1561024). We identified Thr1412Asn in CPS1 as a potential
variant that may alter the protein function. The second
independent signal within CPS1 was located intronic
(rs182548513). The neighbouring SNP, rs147937942, (Table 2)
in LD with rs182548513 is located on 59UTR of a CPS1
transcript variant (CPS1-001), and identified as transcription
factor binding site according to the ENCODE database however,
so far we did not find any evidence that the SNP affects expression
which may be tissue specific.
The second locus, PRODH, a gene highly expressed in cerebral
cortex, cerebrum and other brain tissues is known to be involved
in proline metabolism, but also in central nervous system
myelination. The locus was previously shown to associate with
schizophrenia [15] and autism [16]. We show in total 4
independent SNPs that associate with circulating proline level;
including (1) the GWAS hit, (2) one very common SNP (tagged by
rs2008720), (3) a possibly damaging missense mutation with low
frequency (MAF = 0.03, Thr167Asn) and (4) another with MAF
= 0.05 (rs3213491). It is important to mention that rs2008720
maps to first exon of PRODH (PRODH-001 isoform) resulting
the amino-acid change Pro19Gln, whereas it also maps to the
promoter regulatory region of another PRODH isoform
(PRODH-004). Neither for these variants did we find experimental evidence from eQTL database.
DMGDH codes for the enzyme dimethyl-glycine dehydrogenase
which is involved in catabolism of choline, catalyzing the oxidative
demethylation of dimethyl-glycine to form sarcosine. The gene is
highly expressed in liver, followed by kidney. Mutations in this
gene cause an inborn error of metabolism characterized by
unusual fish-like body odour. Functional predictions for this gene
by KEGG database include several functions in amino-acid
metabolism and bile acid synthesis. Conditional analysis in this
region showed that the GWAS hit located intronic in DMGDH
(rs248386) is most likely the causal variant. Interestingly we found
this SNP associated with the expression of the neighbouring gene,
BHMT that is also involved in dimethyl-glycine and betaine
metabolism.
SLC16A9 is involved in drug transport, bile salt and organic
anion transport and has been previously shown to be associated
with carnitine, uric acid levels. In the ERF population carnitine
and uric acid are highly correlated (r = 0.25, P -value
= 3.93610213). For this locus, we did not find any potentially
causal coding variants. However, the GWAS hit (rs1171614)
located 59UTR of SLC16A9 influences the expression of
SLC16A9 in both GTEX and GEUVADIS databases, indicating
that the effect on carnitine level is possibly through expression,
rather than the change in protein function.
The metabolite pyruvate is the product of anaerobic glycolysis.
Pyruvate levels correlate with gynoid adipose tissue mass, BMI,
waist hip ratio, TG, glucose, HOMA-IR and leptin in the ERF
population (S4B Table). Genes in the TNP1 locus, particularly
IGFBP5 have been previously associated with visceral adipose
tissue mass in men [17]. Within these genes, we did not find any
causal variants, neither for the GWAS hits were we unable to
uncover downstream eQTL. For 3-hydroxybutyrate, rs173135
located in the 39UTR of KCNJ2 is the most likely causal variant
tagged by the GWAS hit for 3-hydroxybutyrate. The gene is
PLOS Genetics | www.plosgenetics.org

Methods
Study cohort
The Erasmus Rucphen Family (ERF) study is a cross-sectional
cohort including 3000 living descendants of 22 couples who had at
least 6 children baptized in the community church around 18501900. The participants are not selected on any disease or other
outcome (S1 Table). Details about the genealogy of the population
have been described elsewhere[18]. The study protocol was
approved by the medical ethics board of the Erasmus MC
Rotterdam, the Netherlands.
1

H-NMR JRES measurements

2,640 sera of ERF participants were submitted for 1H-NMR
experiments. All NMR experiments were acquired on a
600 MHz Bruker Avance II spectrometer (Bruker BioSpin,
Karlsruhe, Germany). For this study the 2D J-resolved (JRES)
and CPMG (Carr-Purcell-Meiboom-Gill) methods were used.
Data processing was performed in Topspin and Matlab (R2009a,
The Mathworks Inc., Natick, MA, USA). After eliminating lowquality spectra after a QC procedure, metabolite intensities were
obtained from the serum CPMG spectra by applying a linear
model. The model was constructed by identifying well-resolved
peaks in the 2D JRES spectrum, and relating the intensity of the
peak representing the metabolite with the intensity profile of the
much more convoluted CPMG spectrum. This way, the higher
resolution of the JRES 2D spectrum is combined with the better
signal-to-noise of the CPMG spectrum. After quality control
peaks in the JRES projection were automatically deconvoluted by
fitting the spectra with mixed Gauss-Lorentz line-shapes using the
Simplex method yielding 256 deconvoluted peaks, 42 metabolites
could be reliably assigned using a combination of chemical shift
interpretation, cross-correlation between peaks and spiking of
pure compounds in a mixed serum sample of them were
annotated to unique metabolites (S2 Table). Further selection
6
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procedure and QC and the list of unique metabolites studied are
given in the supplement.

genetic variants were called using the Unified Genotyper tool from
the GATK. The effects of the called variants on the respective
protein sequences were determined with a custom variant
annotation script. For each sample, at least 4 Gigabases of
sequence was aligned to the genome. All variants in the vicinity of
the genes of interest were selected for further analysis. Variants
with less than 5 observations were removed. Of the 1,309
individuals with exome sequencing data, 921 had eligible NMR
metabolite measurements. Single variant analyses were performed
using and additive model as implemented in the ‘‘mmscore’’
function in GenABEL v.1.7–4, adjusting for relatedness.

Heritability analysis
Heritability estimations for all metabolite concentrations were
obtained using SOLAR version 6.6.2 software using a polygenic
model and sex and age as covariates.

Genome-wide association analyses
Data points below or above 4 standard deviations from the
mean were removed and non-missing data points of all variables
were rank transformed using the ‘‘rank’’ function in R, this
function takes the missing values into account. No samples were
detected as outliers. DNA samples were genotyped according to
the manufacturer’s instructions on Illumina Infinium HumanHap300v2, HumanHap300v1 or HumanCNV370v1 SNP bead
microarrays. Genotype data were imputed using MACH 1.0
(v1.0.18.c) using the HapMap CEU population (release 22, build
36). As the ERF study included related individuals, testing for
association between lipid and allele dosage was performed using a
mixed model approach as implemented with the ‘mmscore’ option
in the GenABEL software. 1.7–4 (R 2.15.3) [19]. This option
combines the Family Based Score Test for Association (FASTA)
method of Abecasis et al. [20] and kinship matrix estimated from
genotyped SNPs [21]. The total genotype set after imputation
involved dosage information of approximately 2.5 million SNPs.
Among the 2,640 samples, 2,416 were genotyped, following the
exclusion of people on lipid lowering (N = 298), in total 2,118
samples were included in the final analysis. To correct for multiple
testing, we used the number of unique metabolites (N = 42) which
yielded a suggestive significance zone that lies between 561028
and 1.261029. Details are described in the S2 Text.

Ethics statement
The study protocol was approved by the medical ethics board of
the Erasmus MC Rotterdam, the Netherlands. The study included
only adults and written informed consents were provided by all the
subjects participated in the study.
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In total we studied 42 uniquely annotated NMR peaks.
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Automated annotation of GWAS results
In order to facilitate the manual process of assigning genes to a
locus, we used an automated workflow developed in-house to
generate reports containing the associated protein, enzyme,
metabolic reaction, pathway, and disease phenotypes of every
gene within a window of 1 MB of the locus. In addition, SNPs
published in the GWAS catalog [22] and eQTLs from the GTExeQTL database. (http://www.ncbi.nlm.nih.gov/gtex/GTEX2)
were given. In detail, the reports created by our workflow were
based on the dbSNP [23], NCBI-Gene (http://www.ncbi.nlm.nih.
gov/gene), GTEx-eQTL, GWAS catalog, ConsensusPathDB [24],
UniProtKB [25], OMIM [26], TCDB [27], ExPASy [28] and
KEGG database [29]. The databases had been downloaded
earlier from the respective ftp servers and have been integrated
offline in Matlab. For the KEGG database the last freely available
version was used (30-6-2011).
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Results from exome sequence association study.
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by BMI.
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The effect of age and gender on metabolite levels.
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Coding variant analysis were performed within the 3 data
freeze (N = 1309) from the ERF pedigree which were sequenced
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BWA and the NARWHAL pipelines [30,31]. After processing,

PLOS Genetics | www.plosgenetics.org

Results from automated selection.

(PDF)

Author Contributions
Conceived and designed the experiments: KWvD CMvD AMD AM.
Performed the experiments: AV SG. Analyzed the data: AD PH.
Contributed reagents/materials/analysis tools: HD LCK JBvK NA. Wrote
the paper: AD AMJMvdM PACH BdV.

7

January 2015 | Volume 11 | Issue 1 | e1004835

Genetic Variants Influencing NMR Metabolome

References
1. Chen G, Ramos E, Adeyemo A, Shriner D, Zhou J, et al. (2012) UGT1A1 is a
major locus influencing bilirubin levels in African Americans. Eur J Hum Genet
20: 463–468.
2. McCarthy MI, Abecasis GR, Cardon LR, Goldstein DB, Little J, et al. (2008)
Genome-wide association studies for complex traits: consensus, uncertainty and
challenges. Nat Rev Genet 9: 356–369.
3. Danik JS, Pare G, Chasman DI, Zee RY, Kwiatkowski DJ, et al. (2009) Novel
loci, including those related to Crohn disease, psoriasis, and inflammation,
identified in a genome-wide association study of fibrinogen in 17 686 women:
the Women’s Genome Health Study. Circ Cardiovasc Genet 2: 134–141.
4. Chasman DI, Pare G, Mora S, Hopewell JC, Peloso G, et al. (2009) Forty-three
loci associated with plasma lipoprotein size, concentration, and cholesterol
content in genome-wide analysis. PLoS Genet 5: e1000730.
5. Suhre K, Wallaschofski H, Raffler J, Friedrich N, Haring R, et al. (2011) A
genome-wide association study of metabolic traits in human urine. Nat Genet
43: 565–569.
6. Nicholson G, Rantalainen M, Li JV, Maher AD, Malmodin D, et al. (2011) A
genome-wide metabolic QTL analysis in Europeans implicates two loci shaped
by recent positive selection. PLoS Genet 7: e1002270.
7. Kettunen J, Tukiainen T, Sarin AP, Ortega-Alonso A, Tikkanen E, et al. (2012)
Genome-wide association study identifies multiple loci influencing human serum
metabolite levels. Nat Genet 44: 269–276.
8. Xie W, Wood AR, Lyssenko V, Weedon MN, Knowles JW, et al. (2013) Genetic
variants associated with glycine metabolism and their role in insulin sensitivity
and type 2 diabetes. Diabetes.
9. Suhre K, Shin SY, Petersen AK, Mohney RP, Meredith D, et al. (2011) Human
metabolic individuality in biomedical and pharmaceutical research. Nature 477:
54-60.
10. Kottgen A, Albrecht E, Teumer A, Vitart V, Krumsiek J, et al. (2013) Genomewide association analyses identify 18 new loci associated with serum urate
concentrations. Nat Genet 45: 145–154.
11. Kolz M, Johnson T, Sanna S, Teumer A, Vitart V, et al. (2009) Meta-analysis of
28,141 individuals identifies common variants within five new loci that influence
uric acid concentrations. PLoS Genet 5: e1000504.
12. Rueedi R LM, Nicholls AW., Reza M Salek, Pedro Marques-Vidal, Edgard
Morya, Koichi Sameshima, Ivan Montoliu, Laeticia Da Silva, Sebastiano
Collino, François-Pierre Martin, Serge Rezzi, Christoph Steinbeck, Dawn M
Waterworth, Gérard Waeber, Peter Vollenweider, Jacques S Beckmann,
Johannes Le Coutre, Vincent Mooser, Sven Bergmann, Ulrich K Genick,
Zoltán Kutalik (2014) Genome-Wide Association Study of Metabolic Traits
Reveals Novel Gene-Metabolite-Disease Links PLoS Genet.
13. Lappalainen T, Sammeth M, Friedlander MR, t Hoen PA, Monlong J, et al.
(2013) Transcriptome and genome sequencing uncovers functional variation in
humans. Nature 501: 506–511.
14. Mailman MD, Feolo M, Jin Y, Kimura M, Tryka K, et al. (2007) The NCBI
dbGaP database of genotypes and phenotypes. Nat Genet 39: 1181–1186.
15. Ota VK, Bellucco FT, Gadelha A, Santoro ML, Noto C, et al. (2014) PRODH
Polymorphisms, Cortical Volumes and Thickness in Schizophrenia. PLoS One
9: e87686.
16. Vorstman JA, Morcus ME, Duijff SN, Klaassen PW, Heineman-de Boer JA, et
al. (2006) The 22q11.2 deletion in children: high rate of autistic disorders and
early onset of psychotic symptoms. J Am Acad Child Adolesc Psychiatry 45:
1104–1113.
17. Fox CS, Liu Y, White CC, Feitosa M, Smith AV, et al. (2012) Genome-wide
association for abdominal subcutaneous and visceral adipose reveals a novel
locus for visceral fat in women. PLoS Genet 8: e1002695.
18. Henneman P, Aulchenko YS, Frants RR, van Dijk KW, Oostra BA, et al. (2008)
Prevalence and heritability of the metabolic syndrome and its individual
components in a Dutch isolate: the Erasmus Rucphen Family study. J Med
Genet 45: 572–577.
19. Aulchenko YS, Ripke S, Isaacs A, van Duijn CM (2007) GenABEL: an R library
for genome-wide association analysis. Bioinformatics 23: 1294–1296.
20. Abecasis GR, Cherny SS, Cookson WO, Cardon LR (2002) Merlin—rapid
analysis of dense genetic maps using sparse gene flow trees. Nat Genet 30: 97–
101.
21. Amin N, van Duijn CM, Aulchenko YS (2007) A genomic background based
method for association analysis in related individuals. PLoS One 2: e1274.
22. Hindorff LA, Sethupathy P, Junkins HA, Ramos EM, Mehta JP, et al. (2009)
Potential etiologic and functional implications of genome-wide association loci
for human diseases and traits. Proc Natl Acad Sci USA 106: 9362–9367.
23. Sherry ST, Ward MH, Kholodov M, Baker J, Phan L, et al. (2001) dbSNP: the
NCBI database of genetic variation. Nucleic Acids Res 29: 308–311.
24. Kamburov A, Pentchev K, Galicka H, Wierling C, Lehrach H, et al. (2011)
ConsensusPathDB: toward a more complete picture of cell biology. Nucleic
Acids Res 39: D712–D717.
25. Magrane M, UniProt Consortium (2011) UniProt Knowledgebase: a hub of
integrated protein data. Database (Oxford) 2011.
26. McKusick VA (1998) Mendelian Inheritance in Man. A Catalog of Human
Genes and Genetic Disorders. Baltimore: Johns Hopkins University Press.

PLOS Genetics | www.plosgenetics.org

27. Saier J, M.H., Tran CV, Barabote RD (2006) TCDB: the Transporter
Classification Database for membrane transport protein analyses and information. Nucleic Acids Res 34: D181–D186.
28. Gasteiger E, Gattiker A, Hoogland C, Ivanyi I, Appel RD, et al. (2003) ExPASy:
The proteomics server for in-depth protein knowledge and analysis. Nucleic
Acids Res 31: 3784–3788.
29. Kanehisa M, Goto S (2000) KEGG: Kyoto Encyclopedia of Genes and
Genomes. Nucleic Acids Research 28: 27–30.
30. Li H, Durbin R (2009) Fast and accurate short read alignment with BurrowsWheeler transform. Bioinformatics 25: 1754–1760.
31. Brouwer RW, van den Hout MC, Grosveld FG, van Ijcken WF NARWHAL, a
primary analysis pipeline for NGS data. Bioinformatics 28: 284–285.
32. Kottgen A, Pattaro C, Boger CA, Fuchsberger C, Olden M, et al. (2010) New
loci associated with kidney function and chronic kidney disease. Nat Genet 42:
376–384.
33. Lange LA, Croteau-Chonka DC, Marvelle AF, Qin L, Gaulton KJ, et al. (2010)
Genome-wide association study of homocysteine levels in Filipinos provides
evidence for CPS1 in women and a stronger MTHFR effect in young adults.
Hum Mol Genet 19: 2050–2058.
34. Xie W, Wood AR, Lyssenko V, Weedon MN, Knowles JW, et al. (2013) Genetic
variants associated with glycine metabolism and their role in insulin sensitivity
and type 2 diabetes. Diabetes 62: 2141–2150.
35. Hong MG, Karlsson R, Magnusson PK, Lewis MR, Isaacs W, et al. (2013) A
genome-wide assessment of variability in human serum metabolism. Hum Mutat
34: 515–524.
36. Illig T, Gieger C, Zhai G, Romisch-Margl W, Wang-Sattler R, et al. (2010) A
genome-wide perspective of genetic variation in human metabolism. Nat Genet
42: 137–141.
37. Lee Y, Yoon KA, Joo J, Lee D, Bae K, et al. (2013) Prognostic implications of
genetic variants in advanced non-small cell lung cancer: a genome-wide
association study. Carcinogenesis 34: 307–313.
38. Inouye M, Ripatti S, Kettunen J, Lyytikainen LP, Oksala N, et al. (2012) Novel
Loci for metabolic networks and multi-tissue expression studies reveal genes for
atherosclerosis. PLoS Genet 8: e1002907.
39. Sanna S, Jackson AU, Nagaraja R, Willer CJ, Chen WM, et al. (2008) Common
variants in the GDF5-UQCC region are associated with variation in human
height. Nat Genet 40: 198–203.
40. Rietschel M, Mattheisen M, Frank J, Treutlein J, Degenhardt F, et al. (2010)
Genome-wide association-, replication-, and neuroimaging study implicates
HOMER1 in the etiology of major depression. Biol Psychiatry 68: 578–585.
41. Benyamin B, McRae AF, Zhu G, Gordon S, Henders AK, et al. (2009) Variants
in TF and HFE explain approximately 40% of genetic variation in serumtransferrin levels. Am J Hum Genet 84: 60–65.
42. Potkin SG, Guffanti G, Lakatos A, Turner JA, Kruggel F, et al. (2009)
Hippocampal atrophy as a quantitative trait in a genome-wide association study
identifying novel susceptibility genes for Alzheimer’s disease. PLoS One 4:
e6501.
43. Benjamin DJ, Cesarini D, van der Loos MJ, Dawes CT, Koellinger PD, et al.
(2012) The genetic architecture of economic and political preferences. Proc Natl
Acad Sci U S A 109: 8026–8031.
44. Wu JH, Lemaitre RN, Manichaikul A, Guan W, Tanaka T, et al. (2013)
Genome-wide association study identifies novel loci associated with concentrations of four plasma phospholipid fatty acids in the de novo lipogenesis pathway:
results from the Cohorts for Heart and Aging Research in Genomic
Epidemiology (CHARGE) consortium. Circ Cardiovasc Genet 6: 171–183.
45. Porcu E, Medici M, Pistis G, Volpato CB, Wilson SG, et al. (2013) A metaanalysis of thyroid-related traits reveals novel loci and gender-specific differences
in the regulation of thyroid function. PLoS Genet 9: e1003266.
46. Geller F, Feenstra B, Zhang H, Shaffer JR, Hansen T, et al. (2011) Genomewide association study identifies four loci associated with eruption of permanent
teeth. PLoS Genet 7: e1002275.
47. Michailidou K, Hall P, Gonzalez-Neira A, Ghoussaini M, Dennis J, et al. (2013)
Large-scale genotyping identifies 41 new loci associated with breast cancer risk.
Nat Genet 45: 353-361, 361e351–352.
48. Fletcher O, Johnson N, Orr N, Hosking FJ, Gibson LJ, et al. (2011) Novel breast
cancer susceptibility locus at 9q31.2: results of a genome-wide association study.
J Natl Cancer Inst 103: 425–435.
49. Li J, Humphreys K, Heikkinen T, Aittomaki K, Blomqvist C, et al. (2011) A
combined analysis of genome-wide association studies in breast cancer. Breast
Cancer Res Treat 126: 717–727.
50. Thomas G, Jacobs KB, Kraft P, Yeager M, Wacholder S, et al. (2009) A
multistage genome-wide association study in breast cancer identifies two new risk
alleles at 1p11.2 and 14q24.1 (RAD51L1). Nat Genet 41: 579–584.
51. Stacey SN, Manolescu A, Sulem P, Rafnar T, Gudmundsson J, et al. (2007)
Common variants on chromosomes 2q35 and 16q12 confer susceptibility to
estrogen receptor-positive breast cancer. Nat Genet 39: 865–869.
52. N’Diaye A, Chen GK, Palmer CD, Ge B, Tayo B, et al. (2011) Identification,
replication, and fine-mapping of Loci associated with adult height in individuals
of african ancestry. PLoS Genet 7: e1002298.

8

January 2015 | Volume 11 | Issue 1 | e1004835

Genetic Variants Influencing NMR Metabolome

53. Lango Allen H, Estrada K, Lettre G, Berndt SI, Weedon MN, et al. (2010)
Hundreds of variants clustered in genomic loci and biological pathways affect
human height. Nature 467: 832–838.
54. Pillas D, Hoggart CJ, Evans DM, O’Reilly PF, Sipila K, et al. (2010) Genomewide association study reveals multiple loci associated with primary tooth
development during infancy. PLoS Genet 6: e1000856.
55. Jongjaroenprasert W, Phusantisampan T, Mahasirimongkol S, Mushiroda T,
Hirankarn N, et al. (2012) A genome-wide association study identifies novel
susceptibility genetic variation for thyrotoxic hypokalemic periodic paralysis.
J Hum Genet 57: 301–304.
56. Cheung CL, Lau KS, Ho AY, Lee KK, Tiu SC, et al. (2012) Genome-wide
association study identifies a susceptibility locus for thyrotoxic periodic paralysis
at 17q24.3. Nat Genet 44: 1026–1029.
57. Rothenberg ME, Spergel JM, Sherrill JD, Annaiah K, Martin LJ, et al. (2010)
Common variants at 5q22 associate with pediatric eosinophilic esophagitis. Nat
Genet 42: 289–291.
58. Krintel SB, Palermo G, Johansen JS, Germer S, Essioux L, et al. (2012)
Investigation of single nucleotide polymorphisms and biological pathways
associated with response to TNFalpha inhibitors in patients with rheumatoid
arthritis. Pharmacogenet Genomics 22: 577–589.
59. Pfeufer A, Sanna S, Arking DE, Muller M, Gateva V, et al. (2009) Common
variants at ten loci modulate the QT interval duration in the QTSCD Study.
Nat Genet 41: 407–414.
60. Marjamaa A, Oikarinen L, Porthan K, Ripatti S, Peloso G, et al. (2012) A
common variant near the KCNJ2 gene is associated with T-peak to T-end
interval. Heart Rhythm 9: 1099–1103.
61. Comuzzie AG, Cole SA, Laston SL, Voruganti VS, Haack K, et al. (2012) Novel
genetic loci identified for the pathophysiology of childhood obesity in the
Hispanic population. PLoS One 7: e51954.
62. Meyer TE, Verwoert GC, Hwang SJ, Glazer NL, Smith AV, et al. (2010)
Genome-wide association studies of serum magnesium, potassium, and sodium
concentrations identify six Loci influencing serum magnesium levels. PLoS
Genet 6.
63. Sabatti C, Service SK, Hartikainen AL, Pouta A, Ripatti S, et al. (2009)
Genome-wide association analysis of metabolic traits in a birth cohort from a
founder population. Nat Genet 41: 35–46.
64. Teslovich TM, Musunuru K, Smith AV, Edmondson AC, Stylianou IM, et al.
(2010) Biological, clinical and population relevance of 95 loci for blood lipids.
Nature 466: 707–713.

PLOS Genetics | www.plosgenetics.org

65. Willer CJ, Sanna S, Jackson AU, Scuteri A, Bonnycastle LL, et al. (2008) Newly
identified loci that influence lipid concentrations and risk of coronary artery
disease. Nat Genet 40: 161–169.
66. Aulchenko YS, Ripatti S, Lindqvist I, Boomsma D, Heid IM, et al. (2009) Loci
influencing lipid levels and coronary heart disease risk in 16 European
population cohorts. Nat Genet 41: 47–55.
67. Kathiresan S, Willer CJ, Peloso GM, Demissie S, Musunuru K, et al. (2009)
Common variants at 30 loci contribute to polygenic dyslipidemia. Nat Genet 41:
56–65.
68. Consortium UIG, Barrett JC, Lee JC, Lees CW, Prescott NJ, et al. (2009)
Genome-wide association study of ulcerative colitis identifies three new
susceptibility loci, including the HNF4A region. Nat Genet 41: 1330–1334.
69. Anderson CA, Boucher G, Lees CW, Franke A, D’Amato M, et al. (2011) Metaanalysis identifies 29 additional ulcerative colitis risk loci, increasing the number
of confirmed associations to 47. Nat Genet 43: 246–252.
70. Lingappa JR, Petrovski S, Kahle E, Fellay J, Shianna K, et al. (2011)
Genomewide association study for determinants of HIV-1 acquisition and viral
set point in HIV-1 serodiscordant couples with quantified virus exposure. PLoS
One 6: e28632.
71. McClay JL, Adkins DE, Aberg K, Bukszar J, Khachane AN, et al. (2011)
Genome-wide pharmacogenomic study of neurocognition as an indicator of
antipsychotic treatment response in schizophrenia. Neuropsychopharmacology
36: 616–626.
72. Jostins L, Ripke S, Weersma RK, Duerr RH, McGovern DP, et al. (2012) Hostmicrobe interactions have shaped the genetic architecture of inflammatory
bowel disease. Nature 491: 119–124.
73. Kenny EE, Pe’er I, Karban A, Ozelius L, Mitchell AA, et al. (2012) A genomewide scan of Ashkenazi Jewish Crohn’s disease suggests novel susceptibility loci.
PLoS Genet 8: e1002559.
74. Kristiansson K, Perola M, Tikkanen E, Kettunen J, Surakka I, et al. (2012)
Genome-wide screen for metabolic syndrome susceptibility Loci reveals strong
lipid gene contribution but no evidence for common genetic basis for clustering
of metabolic syndrome traits. Circ Cardiovasc Genet 5: 242–249.
75. Lettre G, Palmer CD, Young T, Ejebe KG, Allayee H, et al. (2011) Genomewide association study of coronary heart disease and its risk factors in 8,090
African Americans: the NHLBI CARe Project. PLoS Genet 7: e1001300.

9

January 2015 | Volume 11 | Issue 1 | e1004835

