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Abstract

Background: Quantitative molecular data from urine are rare in epidemiology and genetics.
NMR spectroscopy could provide these data in high-throughput, and it has already been
applied in epidemiological settings to analyse urine samples. However, quantitative
protocols for large-scale applications are not available.

Methods: We describe in detail how to prepare urine samples and perform NMR
experiments to obtain quantitative metabolic information. Semi-automated quantitative
lineshape fitting analyses were set up for 43 metabolites and applied to data from various
analytical test samples and from 1,004 individuals from a population-based epidemiological
cohort. Novel analyses on how urine metabolites associate with quantitative serum NMR
metabolomics data (61 metabolic measures; n=995) were performed. In addition,
confirmatory genome-wide analyses of urine metabolites were conducted (n=578). The fully
automated quantitative regression-based spectral analysis is demonstrated for creatinine
and glucose (n=4,548).

Results: Intra-assay metabolite variations were mostly <5% indicating high robustness and
accuracy of the urine NMR spectroscopy methodology per se. Intra-individual metabolite
variations were large, ranging from 6% to 194%. However, population-based inter-individual
metabolite variations were even larger (from 14% to 1655%), providing a sound base for
epidemiological applications. Metabolic associations between urine and serum were found
clearly weaker than those within serum and within urine, indicating that urinary
metabolomics data provide independent metabolic information. Two previous genome-wide
hits for formate and 2-hydroxyisobutyrate were replicated at genome-wide significance.
Conclusions: Quantitative urine metabolomics data suggest broad novelty for systems

epidemiology. A roadmap for an open access methodology is provided.

Key words: metabolomics, urine, serum, genome-wide analyses, open access, multi-centre
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Introduction

Metabolomics provides a snapshot of an individual’s physiological state, influenced by
genetic and lifestyle factors. Urine is produced from blood by the kidneys and contains both
endogenous and exogenous compounds.’ Among the biofluids commonly used in
epidemiology, urine has several advantages: it is abundant, sterile, and easy to collect.’
Urine reflects the function of kidneys, including multiple metabolites from several key
biochemical pathways in relation to (patho)physiology and cardiometabolic conditions, gut
microbial metabolic activities and short-term food consumption.”** Urine samples therefore
contain abundant and underutilized information for epidemiology and for potential

translational applications.®

NMR spectroscopy provides a comprehensive quantitative approach for urine analysis**>
and has the potential to offer fully automated high-throughput experimentation in a cost-
effective manner, which would be essential for large-scale systems epidemiology.”® NMR
spectroscopy is highly reproducible and requires only minimal sample preparation. Bouatra
et al." have concluded that NMR may currently be the most comprehensive and certainly the
most quantitative approach for urine characterisation. However, the signal assignments and
guantifications from urine spectra are complicated by signal overlap, as well as considerable
variations in signal positions between spectra due to differences in the chemical properties
of the samples, such as pH, ionic strength and concentration of multivalent cations.” Some
software applications exist which have been used in the analyses of urine NMR data, but
currently none of them provide comprehensive automated quantification of the metabolic

information.'®*?

We introduce here a detailed experimental set-up, including all the key attributes of sample
preparation and NMR experimentation, for quantitative high-throughput urinary analyses.
We also initially demonstrate how fully automated quantitative analyses perform in the case
of urine NMR spectra and propose an open access quantitative pipeline of urine NMR
metabolomics to facilitate large-scale studies. We present extensive analytical data on intra-
assay, intra-individual and inter-individual variation in urinary metabolites. In addition, we
detail the characteristics of quantitative urine metabolite data in epidemiology and present

novel analyses regarding how the urine metabolites associate with circulating metabolites
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and lipids. Confirmative genome-wide analyses are also presented. All data domains
substantiate the potential usefulness of quantitative molecular data on urine samples in

systems epidemiology.

Materials and methods

Urine sample preparation

Urine is waste material and thus, in contrast to blood that is strictly buffered, does not entail
similar biological regulation. Therefore, there is considerable variation in pH, ionic strength,
concentrations of multivalent cations and metabolite composition between samples and
individuals. The variations in pH and ionic strength are minimised by the addition of
phosphate buffer to the samples. TSP (2,2,3,3-tetradeutero-3-(trimethylsilyl)-propionic acid)
is used as a chemical shift as well as an internal concentration reference. The required
sample volume is 800 pul. The sample preparation protocol is performed with an automated
liquid handler (PerkinEImer JANUS 8-tip Automated Workstation) enabling preparation of
approximately 100 urine samples per hour. Detailed instructions for sample preparation are
given in Supplementary Table S1. From the methodological perspective, any urine sample is
appropriate for analysis, i.e., spot urine, overnight or a 24-h collection. The urine samples in

this study were stored at -80°C prior to use.

NMR measurements

NMR data for 4,549 urine samples in the Northern Finland Birth Cohort 1966 (NFBC66; the
cohort description is available as Supplementary Data) were measured using a 600 MHz
Bruker NMR spectrometer, equipped with a cryoprobe (Bruker Prodigy TCI 600 S3 H&F-C/N-
D-05 Z) and an automatic cooled Samplelet sample changer. Use of a 600 MHz spectrometer
reduces (but does not eliminate) the signal overlap of urine metabolites. Standard water-
suppressed measurements are applied. With this hardware set-up NMR data for over 200
urine samples can be automatically collected in 24h. The detailed NMR measurement
protocol and parameters are given in Supplementary Table S2. Due to day-to-day and
person-to-person variation in the volume of urine, that affect the absolute urine metabolite
concentrations, it is important to apply a biologically relevant normalisation method. The

standard protocol in the field is to normalise to creatinine. We used this approach here but it
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would be relevant to test this assumption with forthcoming data in extensive
epidemiological cohorts by evaluating and comparing multiple methods, e.g., normalisation

to the sum of all or selected metabolites in the sample, and potential new methods.'**>

Serum samples (n=5,788) from NFBC66 were analysed using a high-throughput quantitative
NMR metabolomics platform originating from our team.” This platform provides
simultaneous quantification of routine lipids and lipid concentrations of 14 lipoprotein
subclasses and major subfractions, and further quantifies abundant fatty acids, amino acids,
ketone bodies and gluconeogenesis-related metabolites in absolute concentration units. This
serum NMR metabolomics platform has been available since 20097 and it has been used to
analyse around 500,000 samples in extensive epidemiological and genetic studies.®® Details

7,8,16

of the experimentation have been described elsewhere and the large-scale

epidemiological applications have recently been reviewed.’ Sixty-one metabolic measures
giving a representative overview of the key metabolic pathways were used here ®*’*°
Quantitative urine and serum metabolomics data were available for 995 and quantitative

urine metabolomics and genome-wide data for 578 individuals.

Metabolite quantification in urine samples and analytical issues

We have identified over 100 metabolites (Supplementary Table S3) and set-up semi-
automated lineshape fitting analyses to quantify 43 of these (Table 1). In addition to data
from multiple analytical test samples, data from 1,004 urine samples from the NFBC66 were
qguantified. Table 1 summarises all these data and gives details on the calculations for intra-
assay coefficients of metabolite variations in per cent (CV%s), as well as for intra-individual
and inter-individual metabolite variation. These semi-automated quantifications rely on the
sophisticated lineshape fitting analysis tools developed for high-precision quantitative NMR

2021 pigure 1 illustrates the characteristics of urine NMR data and the

spectroscopy.
principles of the lineshape fitting analysis. These analyses are, at best, semi-automated and
are typically performed separately for multiple spectral regions, i.e., analysing only one or a
few metabolites at a time. Thus, these analyses, while being the most robust available, take
a considerable amount of time per sample and require manual control of the analysis
parameters as well as assessment of fitting results. Thus, when aiming for large-scale

22,23
d.

epidemiology, regression analysis types of approaches need to be use However, robust
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lineshape fitting analyses form the essential base for eventually automating the quantitative
metabolite analyses,*” i.e., the extensive and detailed data from the lineshape fitting
analyses for the 1,004 NFBC66 urine samples will serve as a training set for the automated
regression models to be developed.? The automated quantification protocols to be
established for the urine analyses will be similar to those we have successfully used in the

case of serum NMR metabolomics.®?

We intend to provide an open-access software for the
urinary metabolite quantification via a free website. Supplementary Figure S1 illustrates the
building of automated regression models to quantify urinary creatinine and glucose from the
NMR spectra. These models are based on the semi-automated lineshape fitting analyses of
999 urine samples; 5 spectra of the 1,004 available were excluded from the automated
modelling at this initial stage due to non-optimal shimming and/or baseline features. Figure
2 shows the final automated regression models for creatinine and glucose and the

distribution for urinary glucose concentration in 4,548 people in NFBC66. One spectrum was

rejected at this stage by the automated analysis software due to non-optimal shimming.

Statistical analyses

Partial correlations adjusted for sex were used to analyse the intra-fluid (urine-urine and
serum-serum) and inter-fluid (urine-serum) associations between the quantitative metabolic
measures for the NFBC66 samples (N=995). Urine and serum metabolic measures were log-
transformed. The results are shown in colour-coded heat maps in Figure 3 for the intra-
serum associations, in Figure 4 for the intra-urine associations and in Figure 5 for the inter-
fluid urine-serum metabolic associations. The number of principal components (PCs) needed
to explain >99% of variation in the metabolic information was 40 PCs for 43 urine
metabolites, 27 PCs for 61 serum measures and 66 PCs for the combined metabolic data of
104 metabolic measures. Therefore we used multiple comparison corrected p-value
thresholds of 0.001 (i.e., 0.05/40 via the Bonferroni method; P < 0.001 marked with * in the
maps), 0.002 (0.05/27, *P < 0.002) and 0.0008 (0.05/66, *P< 0.0008), respectively, to denote

evidence in favour of an association.

Adiposity is a causal risk factor for many cardiometabolic conditions®* and it has been
previously studied in relation to urinary metabolites.” Therefore, we wanted a preliminary

understanding and comparison of our quantitative urine metabolite data and analysed the
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associations of BMI with the 43 quantified urine metabolites. A linear regression model was
fitted for each outcome measure (concentrations of metabolites in urine and those
corresponding in serum) using BMI as the explanatory variable. All metabolic measures were
log-transformation and scaled to SD units (by subtracting the mean and dividing by the
standard deviation). Association magnitudes are reported in SD units to ease the comparison

across multiple measures (Figure 6).

As another positive control for the urine platform, we conducted a genome-wide analysis
study (GWAS) of urine metabolites in 578 individuals and compared our results with
previous GWA studies. Manhattan plots for formate and 2-hydroxyisobutyrate are shown in

Figure 7 and details of the genetic data and analyses are given in the corresponding caption.

Results and discussion

Analytical issues in urine metabolomics

Table 1 lists the currently quantified 43 urine metabolites with their intra-assay, intra-
individual and inter-individual variation. Most of the intra-assay metabolite CV%s are less
than 5%, indicating high robustness and accuracy of the urine NMR spectroscopy and the
entire quantification process per se. The intra-individual metabolite variation over 30 days
was large, with CV%s over 20% for the majority of metabolites and at the extreme 194% for
sucrose and 225% for 2-furoylglycine. However, the population-based inter-individual
metabolite variation was even larger, with CV%s over 40% for the majority of metabolites
and at the extreme 585% for formate and 1655% for glucose (reflecting a positively skewed
distribution of urinary glucose, partly due to several individuals with prediabetes and
diabetes in NFBC66; Figure 2). These results indicate a sound base for epidemiological and

genetic studies.

Metabolite quantification in urine samples

Quantification of the 43 metabolites in the urine NMR spectra for the 1,004 people from the
NFBC66 was done via semi-automated lineshape fitting analyses. This work is in progress
and it will eventually be possible to provide quantifications for many additional metabolites;

a preliminary list of over 100 assigned metabolites that we have identified is provided in
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Supplementary Table S3. However, this type of quantification approach is not feasible for
routine applications at large-scale. Instead, an automated approach similar to the one we
developed and adapted for quantifying serum and plasma lipid, lipoprotein and other

metabolic information®***®

needs to be developed for the urine spectra. Proof of concept is
shown with the initial results for fully automated quantitative regression analyses for
creatinine and glucose (Supplementary Figure S1 and Figure 2). As already known from
serum NMR metabolomics, this type of approach for automated metabolite quantification

works well %%

Therefore, it is likely that it will be possible to establish an optimised automated
guantification model for most of the abundant urine metabolites. Regression-based spectral
guantification methods are generally known to work well for heavily overlapping signal

structures as typical for urine NMR spectra.*®?

With the regression modelling,
quantification of all the metabolites in the urine NMR spectrum can be fully automated to
take only a few seconds. Once the spectral data have been acquired for a sample, new
identified and quantifiable metabolites can be retrospectively analysed (provided that
sample preparations and experimental NMR settings are kept consistent). The final number
of urine metabolites that may eventually be included is uncertain and will depend on
multiple factors. In the current experimental set-up, we estimate it will be possible to

automate the quantification for clearly more than 50 but likely not for all the metabolites

listed in Supplementary Table S3.

It is estimated that there are around 3,000 compounds in the entire urine metabolome, of
which there are currently 380 unique urine metabolites or metabolite species for which
quantitative data are available.! The approach described here to identify and quantify
around hundred urine metabolites may therefore seem somewhat restricted. However, the
guantitative serum NMR metabolomics platform is also limited to quantify “only” some 200
metabolic measures of the approximate 4,000 known serum compounds and this has not
prevented novel metabolic measures being available for epidemiological and genetic studies
with a plethora of new findings over the last few years.’ We anticipate that the quantitative

urine metabolite data would lead to commensurate novelty in systems epidemiology. In
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epidemiology in particular it may be preferable to have a reasonable number of traits for as

many people as possible, not vice versa.

Preliminary epidemiological and genetic analyses

The lineshape fitting analyses of the urine NMR metabolomics data for the 1,004 individuals
from NFBC66 allowed us to perform the first quantitative epidemiological analyses (Table 1).
We also present some comparison to the serum NMR metabolomics data available for the

same individuals (n=995). Some fundamental issues and corollaries are presented below.

Metabolic associations

The correlations between the metabolites in urine (Figure 4) are generally weaker than the
associations between most of the metabolic measures in serum (Figure 3). On average, the
median of the absolute correlations between metabolites in urine was 0.10 (interquartile
range, 0.04 —0.19), and in serum 0.21 (0.08 — 0.44). These association characteristics are
likely to partly reflect the larger intra-individual variation in the urine metabolites than those
in serum, but they are also likely a sign of fundamental metabolic differences regarding
serum and urine. The metabolic measures quantified via serum NMR metabolomics
represent key systemic metabolic pathways (e.g., lipoprotein lipid metabolism) that are
inherently physiologically correlated; it would not be expect to see drastic differences
between individuals in these highly conserved biochemically essential metabolic pathways.
However, in urine, which is a waste product, this type of tight inherent metabolic control is
not necessary. Importantly, this might allow more specific biomarker findings from the urine
data than would be possible from serum. Associations illustrated in Figure 4 provide a proof
of concept of the relevance of these novel quantitative urinary data. For metabolites in
urine, positive correlations among amino acids, glycolysis- and citrate cycle-related
metabolites, 3-hydroxyisobutyrate and 3-hydroxyisovalerate result in clear association
clusters. The concentrations of the 8 amino acids are rather strongly correlated in urine with
median correlation of 0.53 (interquartile 0.41 — 0.59). This is expected for these mostly
apparently healthy individuals since, in healthy kidneys, the glomeruli filter all amino acids

out of the blood and the renal tubules then reabsorb them back into the blood.
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Metabolic correlations between urine and serum (Figure 5), with median absolute
correlation of 0.04 (interquartile range, 0.02 — 0.07), are clearly weaker that the associations
in serum (Figure 3) and in urine (Figure 4). However, several clearly detectable metabolic
associations are present as elaborated in the caption for Figure 5. There is a clear excess of
metabolic information by the combination of quantitative urine and serum metabolomics,

illustrating an abundance of epidemiological novelty from quantitative urine metabolomics.

Adiposity and urine metabolites

Associations between the 43 quantified urine metabolites (and the corresponding ones
available in serum via the serum NMR metabolomics platform) and body-mass index (BMI)
are illustrated in Figure 6. Despite rather large biological variation in the urine metabolite
data, multiple associations are notable between the urine metabolites and BMI. While we
ought to be cautious in interpreting cross-sectional associations, in comparison to recent
work by Elliott and co-workers” on urinary metabolic signatures of adiposity in two
independent cohorts, the US and UK INTERMAP studies, we note multiple concordant
associations for BMI, for example, negative with urinary p-Cresol sulphate and hippurate,
and positive with 2-hydroxyisobutyrate and branched-chain amino acids isoleucine and
valine, and aromatic amino acids tryptophan and tyrosine. The comparison of the amino acid
results (e.g., valine and isoleucine) in urine and serum is of interest due to recent findings
regarding the interplay between branched-chain amino acids, obesity, insulin resistance and

the development of type 2 diabetes.”>*®

For all the amino acids that are quantified from
both urine and serum, the association direction with BMI is the same in serum and in urine;
the association strengths however tend to be weaker in urine. As far as we are aware, these
are the first results available combining quantitative metabolomics data from serum and
urine at an epidemiological scale. We have previously illustrated, via Mendelian
randomization analyses,?® that BMI is causally modifying circulating metabolism, including
branched-chain amino acids.® Potential causal effects of obesity on specific urine
metabolites (e.g., via influences on kidney function) are largely unknown and will be one of
our future aims of research with larger numbers of individuals. Even though urine is waste,
urinary metabolites may serve as useful biomarkers (independent or together with serum

metabolic measures) reflecting (patho)physiological effects of, e.g., obesity on systemic

metabolism and organ function.
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Genome-wide analyses of urine metabolites

We performed a GWAS for the 43 quantified urine metabolites (Table 1). Despite having
only 578 individuals available with both genome-wide data and quantified urine metabolites,
we were able to replicate, at GWAS significance, two loci previously associated with the

3132 e found confirmatory evidence for formate, with

same urine metabolites.
chromosome 8 SNP rs4921913, associating at P= 4.59*10™"". The tagged region harbours
arylamine N-acetyltransferase (NAT2) that is the candidate gene for this association. In
addition, we confirmed an association of SNP rs1168674 in chromosome 12 with 2-
hydroxyisobutyrate (P= 1.51*107%%). This region is in near vicinity to 4-
hydroxyphenylpyruvate dioxygenase (HPD) that is likely involved in the metabolic pathway
of 2-hydroxyisobutyrate.* Manhattan plots for these associations are presented in Figure 7.
These independently replicated genome-wide associations, with a very small number of

individuals, are reassuring regarding the analytical processes of the presented urine NMR

metabolomics platform.

Statistical issues in epidemiology and genetics
Hundreds of metabolites have been identified in human urine samples with a combination

1,2,33,34

of multiple spectroscopic technologies. However, most metabolomics applications

have focused on dietary and various (biologically rather inapplicable) diagnostic issues
typically with small numbers of individuals and profiling based analysis approaches.**”’
Comprehensive quantitative data on urine metabolites are rare,*® and if available, typically

333 This situation suggests that though the

originate from other methods than NMR.
potential of urine NMR metabolomics is clearly recognised, the methodologies are still far
from real-world large-scale applications. Nevertheless, we fully agree with Emwas and co-
workers® that molecular identification and absolute quantification are crucial both in
epidemiology and genetics as well as if aiming to translate the biomarker discoveries to

83840 Therefore, a key characteristic for a urine NMR metabolomics pipeline

clinical practice.
will be that all metabolites are quantified in absolute terms. This means that in statistical
analyses any platform output can be treated as any other clinical chemistry measure (e.g.,
glucose or cholesterol) in association testing and prediction models, including adjustments
for appropriate confounding factors.’ The quantitative nature of the metabolite data makes

this straightforward and also allows replication and meta-analyses across multiple studies.*”
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2 Here the joint analyses of urine and serum metabolomics data are a demonstration of
how informative inherently simple quantitative molecular data can be. Notably, use of only
spectral data would not enable the abovementioned molecular association analyses to be

performed.

A general concern with using urine samples is metabolites that are not present in every
sample or individual. This can actually be a high proportion of potentially detectable
metabolites; from the automated quantitative analysis point of view this is a challenge
calling for specific signal detection options. However, from the epidemiology point of view, it
can be seen as a great opportunity. For example, specific drug-related metabolites may offer
valuable epidemiological information as well as a base for potential pharmaceutical
applications. Metabolites that would associate with certain foods or lifestyle factors, like
smoking, would allow advantageous epidemiological approaches to be taken. Such
metabolites may also indicate particular disease processes and could thereby provide
specific clinically relevant biomarkers for risk assessment and early diagnoses. Here, only 4
out of the 43 quantified urine metabolites were absent for more than 10% of the samples,
namely Sumiki’s acid, 2-furoylglycine, 3-(3-hydroxyphenyl)-3-hydroxypropanoate, and

Sucrose.

In addition to molecular quantification, systems epidemiology applications call for large
numbers of individuals, at a minimum this is thousands, if not tens of thousands of
individuals.®® The epidemiological data set described here for urine (43 metabolites
qguantified for 1,004 people) is already one of the largest in the area of quantitative urine
metabolomics. These data, together with the various analytical tests, illustrate the key
methodological and statistical characteristics of urine metabolomics. At the same time,
however, this underscores that this field, particularly from the epidemiological perspective,
is in its infancy. Therefore, the results presented here provide a good incentive to an open-

access quantitative urine NMR metabolomics pipeline.
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Conclusions

Our quantitative analytical experimentation indicates high robustness and accuracy of the
urine NMR spectroscopy methodology per se. The extensive epidemiological data illustrate
clear inherent differences in the intra-fluid metabolic associations based on physiological
and metabolic functions: the urine metabolites are in general only weakly interrelated, in
contradistinction to highly correlated metabolic pathways represented by the quantitative
serum data. The metabolic associations between serum and urine are weak, suggesting
combining serum and urine metabolomics would increase the amount of independent
metabolic information. While the intra-individual variation in urine metabolites is high, the
even higher population-based inter-individual variation does provide a sound base for
epidemiological and genetic applications. However, appropriate large-scale studies and
replication data are crucial to enable statistically robust findings of biological relevance. The
known genome-wide associations detected here with a very small number of individuals are
reassuring for both the analytical process of the presented urine NMR metabolomics set-up
and the intriguing potential of quantitative urine metabolite data in systems epidemiology.
We anticipate this quantitative methodology to eventually offer a multitude of unique
opportunities to study the role of urine metabolites, for example, in cardiometabolic health
and diseases and as potential markers of kidney function. To the best of our knowledge, this
project is novel both in the open access aspects and in the integrated large-scale systems
epidemiology perspective that are likely to result in important epidemiological findings with

high translational potential.

Acknowledgements

QW was supported by a Novo Nordisk Foundation Postdoctoral Fellowship (grant number
NNF170C0027034). MG, SR, GDS and MAK work in a Unit that is supported by the University of
Bristol and UK Medical Research Council (MC_UU_12013/1). JK was supported through funds from
the Academy of Finland (grant numbers 297338 and 307247) and Novo Nordisk Foundation (grant
number NNF170C0026062). MHi was supported by the UK Medical Research Council Population

Health Research Unit. MAK was supported by the Sigrid Juselius Foundation, Finland.

Disclosure

None of the authors report any conflicts of interest.

-14 (31) -


https://doi.org/10.1101/288993

bioRxiv preprint doi: https://doi.org/10.1101/288993; this version posted March 26, 2018. The copyright holder for this preprint (which was

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

References

1.

10.

11.

12.

13.

Bouatra S, Aziat F, Mandal R, et al. The human urine metabolome. PLoS ONE.
2013;8(9):e73076.

Emwas A-H, Roy R, McKay RT, et al. Recommendations and standardization of
biomarker quantification using NMR-based metabolomics with particular focus on
urinary analysis. J Proteome Res. 2016;15(2):360-373.

Holmes E, Loo RL, Stamler J, et al. Human metabolic phenotype diversity and its
association with diet and blood pressure. Nature. 2008;453(7193):396—400.

Elliott P, Posma JM, Chan Q, et al. Urinary metabolic signatures of human adiposity.
Sci Transl Med. 2015;7(285):285ra62—285ra62.

van Duynhoven JPM, Jacobs DM. Assessment of dietary exposure and effect in
humans: The role of NMR. Prog Nucl Magn Reson Spectrosc. 2016;96:58—72.

Nicholson G, Rantalainen M, Maher AD, et al. Human metabolic profiles are stably
controlled by genetic and environmental variation. Mol Syst Biol. 2011;7(1):525.

Soininen P, Kangas AJ, Wiirtz P, et al. High-throughput serum NMR metabonomics for
cost-effective holistic studies on systemic metabolism. Analyst. 2009;134(9):1781-
1785.

Soininen P, Kangas AJ, Wiirtz P, Suna T, Ala-Korpela M. Quantitative serum nuclear
magnetic resonance metabolomics in cardiovascular epidemiology and genetics. Circ
Cardiovasc Genet. 2015;8(1):192-206.

Wirtz P, Kangas AJ, Soininen P, Lawlor DA, Davey Smith G, Ala-Korpela M.
Quantitative serum nuclear magnetic resonance metabolomics in large-scale
epidemiology: A primer on -omic technology. Am J Epidemiol. 2017;186(9):1084—
1096.

Weljie AM, Newton J, Mercier P, Carlson E, Slupsky CM. Targeted
profiling: Quantitative analysis of 'H NMR metabolomics data. Anal Chem.
2006;78(13):4430-4442.

Da Silva L, Godejohann M, Martin F-PJ, et al. High-resolution quantitative metabolome
analysis of urine by automated flow injection NMR. Anal Chem. 2013;85(12):5801—-
58009.

Zheng C, Zhang S, Ragg S, Raftery D, Vitek O. Identification and quantification of
metabolites in "H NMR spectra by Bayesian model selection. Bioinformatics.
2011;27(12):1637-1644.

Hao J, Liebeke M, Astle W, de lorio M, Bundy JG, Ebbels TMD. Bayesian deconvolution
and quantification of metabolites in complex 1D NMR spectra using BATMAN. Nat
Protoc. 2014;9(6):1416-1427.

-15(31) -


https://doi.org/10.1101/288993

bioRxiv preprint doi: https://doi.org/10.1101/288993; this version posted March 26, 2018. The copyright holder for this preprint (which was

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Rasmussen LG, Winning H, Savorani F, et al. Assessment of the effect of high or low
protein diet on the human urine metabolome as measured by NMR. Nutrients.
2012;4(2):112-131.

Saccenti E, Tenori L, Verbruggen P, et al. Of monkeys and men: A metabolomic
analysis of static and dynamic urinary metabolic phenotypes in two species. PLoS
ONE. 2014;9(9):e106077.

Inouye M, Kettunen J, Soininen P, et al. Metabonomic, transcriptomic, and genomic
variation of a population cohort. Mol Syst Biol. 2010;6:441.

Tukiainen T, Kettunen J, Kangas AJ, et al. Detailed metabolic and genetic
characterization reveals new associations for 30 known lipid loci. Hum Mol Genet.
2012;21(6):1444-1455.

Kettunen J, Tukiainen T, Sarin A-P, et al. Genome-wide association study identifies
multiple loci influencing human serum metabolite levels. Nat Genet. 2012;44(3):269—
276.

Wang Q, Wiirtz P, Auro K, et al. Metabolic profiling of pregnancy: cross-sectional and
longitudinal evidence. BMC Med. 2016;14(1):205.

Mierisova S, Ala-Korpela M. MR spectroscopy quantitation: a review of frequency
domain methods. NMR Biomed. 2001;14(4):247-259.

Soininen P, Haarala J, Vepsaldinen J, Niemitz M, Laatikainen R. Strategies for organic
impurity quantification by *H NMR spectroscopy: Constrained total-line-shape fitting.
Anal Chim Acta. 2005;542(2):178-185.

Ala-Korpela M, Changani KK, Hiltunen Y, et al. Assessment of quantitative artificial
neural network analysis in a metabolically dynamic ex vivo *'P NMR pig liver study.
Magn Reson Med. 1997;38(5):840-844.

Vehtari A, Makinen V-P, Soininen P, et al. A novel Bayesian approach to quantify
clinical variables and to determine their spectroscopic counterparts in *H NMR
metabonomic data. BMC Bioinformatics. 2007;8 Suppl 2(Suppl 2):S8.

Dale CE, Fatemifar G, Palmer TM, et al. Causal associations of adiposity and body fat
distribution with coronary heart disease, stroke subtypes, and type 2 diabetes
mellitus. Circulation. 2017;135(24):2373—-2388.

Wang TJ, Larson MG, Vasan RS, et al. Metabolite profiles and the risk of developing
diabetes. Nat Med. 2011;17(4):448-453.

Wirtz P, Makinen V-P, Soininen P, et al. Metabolic signatures of insulin resistance in
7,098 young adults. Diabetes. 2012;61(6):1372—-1380.

Wirtz P, Soininen P, Kangas AJ, et al. Branched-chain and aromatic amino acids are
predictors of insulin resistance in young adults. Diabetes Care. 2013;36(3):648—655.

-16(31) -


https://doi.org/10.1101/288993

bioRxiv preprint doi: https://doi.org/10.1101/288993; this version posted March 26, 2018. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

28. Wang Q, Holmes MV, Smith GD, Ala-Korpela M. Genetic support for a causal role of
insulin resistance on circulating branched-chain amino acids and inflammation.
Diabetes Care. 2017;40(12):1779-1786.

29. Smith GD, Ebrahim S. ‘Mendelian randomization’: can genetic epidemiology
contribute to understanding environmental determinants of disease? Int J Epidemiol.
2003;32(1):1-22.

30. Wirtz P, Wang Q, Kangas AJ, et al. Metabolic signatures of adiposity in young adults:
Mendelian randomization analysis and effects of weight change. PLoS Med.
2014;11(12):e1001765.

31. Suhre K, Wallaschofski H, Raffler J, et al. A genome-wide association study of
metabolic traits in human urine. Nat Genet. 2011;43(6):565-569.

32. Raffler J, Friedrich N, Arnold M, et al. Genome-wide association study with targeted
and non-targeted NMR metabolomics identifies 15 novel loci of urinary human
metabolic individuality. PLoS Genet. 2015;11(9):e1005487.

33.  Playdon MC, Sampson JN, Cross AJ, et al. Comparing metabolite profiles of habitual
diet in serum and urine. Am J Clin Nutr. 2016;104(3):776—789.

34. Khamis MM, Adamko DJ, Aneed El A. Mass spectrometric based approaches in urine
metabolomics and biomarker discovery. Mass Spectrom Rev. 2017;36(2):115-134.

35. Vazquez-Fresno R, Llorach R, Urpi-Sarda M, et al. Metabolomic pattern analysis after
Mediterranean diet intervention in a nondiabetic population: A 1- and 3-year follow-
up in the PREDIMED study. J Proteome Res. 2014;14(1):531-540.

36. Garcia-Perez |, Posma JM, Gibson R, et al. Objective assessment of dietary patterns by
use of metabolic phenotyping: a randomised, controlled, crossover trial. Lancet
Diabetes Endocrinol. 2017;5(3):184—-195.

37. Capati A, ljare OB, Bezabeh T. Diagnostic applications of nuclear magnetic resonance—
based urinary metabolomics. Magnetic Resonance Insights. 2017;10:1-12.

38. Ala-Korpela M. Objective metabolomics research. Clinical Chemistry. 2018;64(1):30—
33.

39. Korsholm A, Kjaer T, Ornstrup M, Pedersen S. Comprehensive metabolomic analysis in
blood, urine, fat, and muscle in men with metabolic syndrome: A randomized,
placebo-controlled clinical trial on the effects of resveratrol after four months’
treatment. Int J Mol Sci. 2017;18(3):554.

40. Ala-Korpela M, Davey Smith G. Metabolic profiling-multitude of technologies with
great research potential, but (when) will translation emerge? Int J Epidemiol.
2016;45(5):1311-1318.

41. Wirtz P, Wang Q, Soininen P, et al. Metabolomic profiling of statin use and genetic
inhibition of HMG-CoA reductase. J Am Coll Cardiol. 2016;67(10):1200-1210.

-17 (31) -


https://doi.org/10.1101/288993

bioRxiv preprint doi: https://doi.org/10.1101/288993; this version posted March 26, 2018. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

42.  Wiirtz P, Wang Q, Niironen M, et al. Metabolic signatures of birthweight in 18 288
adolescents and adults. Int J Epidemiol. 2016;45(5):1539-1550.

43.  Kettunen J, Demirkan A, Wiirtz P, et al. Genome-wide study for circulating metabolites
identifies 62 loci and reveals novel systemic effects of LPA. Nat Commun.
2016;7:11122.

44. Wiirtz P, Havulinna AS, Soininen P, et al. Metabolite profiling and cardiovascular event
risk: a prospective study of 3 population-based cohorts. Circulation. 2015;131(9):774—
785.

45.  Wang Z, Klipfell E, Bennett BJ, et al. Gut flora metabolism of phosphatidylcholine
promotes cardiovascular disease. Nature. 2011;472(7341):57-63.

46. McCarthy S, Das S, Kretzschmar W, et al. A reference panel of 64,976 haplotypes for
genotype imputation. Nat Genet. 2016;48(10):1279-1283.

47.  MarchiniJ, Howie B, Myers S, McVean G, Donnelly P. A new multipoint method for
genome-wide association studies by imputation of genotypes. Nat Genet.
2007;39(7):906-913.

-18(31) -


https://doi.org/10.1101/288993

bioRxiv preprint doi: https://doi.org/10.1101/288993; this version posted March 26, 2018. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Table 1. Intra-assay variation as well as intra-individual and inter-individual variation of

guantified urine metabolites.

Intra- Intra- Inter-

Metabolite assay individual individual
CV (%)*P CV (%) CV (%)>°

Amino acids
Alanine 1.16 28.69 49.88
Glycine 2.21 34.71 73.98
Histidine 1.10 30.25 48.81
Threonine 4.57 38.58 75.44
Branched-chain amino acids
Isoleucine 6.68 23.27 54.06
Valine 4.72 20.28 39.50
Aromatic amino acids
Tryptophan 3.34 33.76 51.05
Tyrosine 3.35 32.09 45.76
Glycolysis-related metabolites
Glucose 291 13.76 1654.62
Lactate 4.28 44.26 476.52
Citrate cycle-related metabolites
Cis-aconitate 0.85 22.28 39.68
Citrate 1.51 27.92 53.35
Urea cycle
Urea 1.46 32.98 39.44
Phenylalanine metabolism
4-Hydroxyphenylacetate 2.24 28.73 52.12
Hippurate 1.15 58.45 69.26
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Histidine metabolism

3-Methylhistidine 1.56 95.44 117.16
Glycine, serine and threonine metabolism

Creatine 4.12 126.19 239.55

Microbial metabolism

4-Hydroxyhippurate 3.43 34.85 72.12
Acetate 14.17 62.87 394.31
Dimethylamine 0.74 9.79 30.48
Formate 8.71 41.32 584.66
Methylamine 3.17 32.07 51.20
p-Cresol sulphate 1.53 35.65 71.22
Trimethylamine N-oxide (TMAOQ) 1.63 80.89 127.14

Nicotinate and nicotinamide metabolism

N1-Methyl-2-pyridone-5-carboxamide (2PY) 2.14 35.29 60.72
N1-Methylnicotinamide 1.32 28.24 52.21
Trigonelline 0.79 68.71 74.64

Purine metabolism

Hypoxanthine 3.53 38.80 338.41
Pyrimidine metabolism

Pseudouridine 2.15 6.32 14.28
Uracil 4.29 37.71 148.13

Pentose and glucuronate interconversion

Arabinose 3.58 35.50 59.51
Glucuronate 4.07 18.31 50.07
Xylose 3.38 99.60 111.96

Galactose metabolism

Sucrose 4.45 194.15 459.31
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Miscellaneous

2-Furoylglycine 5.46 225.45° 212.50
2-Hydroxyisobutyrate 1.15 16.25 35.39
3-(3-Hydroxyphenyl)-3-hydroxypropanoate

(HPHPA) 4.30 67.68 73.64
3-Hydroxyhippurate 2.56 51.81 99.98
3-Hydroxyisobutyrate 2.67 34.18 61.60
3-Hydroxyisovalerate 4.84 66.55° 46.16
Indoxyl sulphate 1.59 32.24 46.56
Sumiki’s acid 2.36 35.23 133.73
Trans-aconitate 4.42 50.71 59.60

Concentrations are scaled to the concentration of creatinine; CV% = (standard deviation /
average) * 100%

®One urine sample prepared and analysed as 10 replicates; reflects the entire quantitative
process, i.e., including all the sample preparation steps, NMR experimentation and
mathematical quantification protocols.

A 30-day consecutive urine collection; CV%s first calculated for each individual and then
averaged over 3 different people.

90ne thousand and four different individuals from the Northern Finland Birth Cohort 1966.

*The intra-individual CV% is slightly higher than the inter-individual CV%. Very few samples
for the 3 people contributing to the intra-individual variation contained 2-furoylglycine (two
people had it in seven and one person in four out of 30 samples). For 2 people contributing
to the intra-individual variation the average concentration of 3-hydroxyisovalerate was
lower than the average concentration in the NFBC samples.
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Figure 1. Characteristic '"H NMR spectra of human urine from six subjects and illustration of
the sophisticated lineshape fitting analyses. Alignment of spectra from six subjects is
shown. Heavily overlapping signal structures in multiple areas are typical for these spectra.
The insets marked from A to F illustrate how lineshape fitting analyses, incorporating prior
knowledge on the individual molecular attributes, can robustly solve the overlap and lead to

reliable quantification of the metabolites.’%*

Black lines represent the observed spectra and
the coloured lines represent the fitted signals. Grey lines indicate currently unidentified
signals. The green line at the bottom illustrates the difference between the observed
spectrum and the fitted signals. The coupling trees above the spectra demonstrate the
multiplet structures directly linked to the molecular attributes and used as constraints in the

lineshape fitting analyses.?%*!
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Figure 2. The automated quantification of urinary creatinine and glucose from the NMR
spectra. On the left: Building and assessment of the final automated regression models for
the absolute signal areas for creatinine and glucose in the NMR spectra (n=999). Training
and independent testing results are shown in Supplementary Figure S1. In the Bland-Altman
plots the solid line in the middle represents the mean bias (between the automated
regression and the lineshape fitting analyses results for the absolute signal area) and the two
others the mean  1.96 SD. The dashed red line represents the regression line for the bias.
The equations for the regression lines are y = 0.9977x + 4.772x10° for creatinine and

y = 1.000x + 31.88 for glucose. Bias as a function of creatinine: y = 1.135x1073x —
2.390x10° with R” = 0.0006 and bias as a function of glucose: y = 2.180x107%x — 15.94
with R? = 0.000001. Both automated regression models show excellent quantitative
performance and robustness with negligible bias. On the right: The distribution of absolute
urinary concentration (in um/mM creatinine) in 4,548 urine samples in NFBC66. The
absolute signal areas for the urinary creatinine and glucose used to calculate the distribution
are based on fully automated NMR spectral analyses using the final models illustrated on the
left. The urinary glucose distribution is positively skewed (88 glucose concentration values >
80 um/mM creatinine are not drawn for clarity). This is expected due to individuals with

prediabetes and diabetes in NFBC66.
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Figure 3. The intra-fluid metabolic associations in serum. The intra-fluid metabolic
correlations in serum, i.e., in circulating metabolism, are strong due to multiple key
metabolic pathways under heavy systemic control. For example, the metabolism of apoB-
containing lipoprotein particles is a continuum and reflected by strong correlations between
adjacent lipoprotein subclass particle concentrations. Strong links exist also, e.g., between
triglyceride-rich VLDL particles and large cholesterol-rich HDL particles as well as between
multiple amino acids.** The colour-coding refers to partial correlations adjusted for sex;
n=995 individuals from NFBC66. The heat map is organised manually on the basis of the key
metabolic groups and pathways represented by the measures.!”*® Twenty-seven principal
components were needed to explain >99% of variation in the metabolic information of these

61 serum measures (leading to Bonferroni corrected significance p-value of 0.002 i.e.,
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0.05/27; marked with * in the map). Abbreviations: VLDL, very-low-density lipoprotein; LDL,
low-density lipoprotein; IDL, intermediate-density lipoprotein; HDL, high-density lipoprotein;
XXL refers to the largest and XS to the smallest lipoprotein particles in each lipoprotein
fraction;® P, particle (concentration); C, cholesterol; TG, triglyceride; PUFA, polyunsaturated

fatty acids; MUFA, monounsaturated fatty acids; GlycA, glycoprotein acetyls.
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Figure 4. The intra-fluid metabolic associations in urine. The intra-fluid metabolic
correlations in urine are generally rather weak and only a few stronger metabolic correlation
blocks are noticeable, namely, positive correlations among amino acids, glycolysis- and
citrate cycle-related metabolites, 3-hydroxyisobutyrate and 3-hydroxyisovalerate result in
clear association clusters. These association characteristics are likely to partly reflect the
large intra-individual variation in urinary metabolites, but they are also likely a fundamental
sign of metabolic waste with under only limited systemic control. However, the
concentrations of the amino acids are rather strongly correlated as would be expected for
these apparently healthy individuals with healthy kidneys. The amino acid concentrations
also correlate with 3-hydroxyisobutyrate and 3-hydroxyisovalerate, both degradation
products of branched-chain amino acids as well as with glucose and lactate, related energy
metabolites in gluconeogenesis. Several metabolites related to microbial metabolism are
qguantified and an interesting correlation cluster is seen between methylamine, p-Cresol
sulphate and TMAO. The colour-coding refers to partial correlations adjusted for sex; n=995

individuals from NFBC66. The heat map is organised manually on the basis of the key
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metabolic groups and pathways represented by the measures (Table 1). Forty principal
components were needed to explain >99% of variation in the metabolic information of these
43 urine metabolites (leading to Bonferroni corrected significance p-value of 0.001 i.e.,
0.05/40; marked with * in the map). Thus, the urine metabolites are generally highly
uncorrelated and provide independent metabolic information. Abbreviations: 2PY, N1-
Methyl-2-pyridone-5-carboxamide; TMAO, Trimethylamine N-oxide; HPHPA, 3-(3-

Hydroxyphenyl)-3-hydroxypropanoate.
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Figure 5. The inter-fluid metabolic associations between urine and serum. The inter-fluid
metabolic correlations between urine and serum are rather weak. However, several clearly
detectable associations are present. The amino acid concentrations in serum and in urine
are strongly positively associated, except for histidine for which the correlation appears very
weak. There is an intriguing positive association between urinary TMAO and serum

polyunsaturated omega-3 fatty acids. Notably, circulating TMAO has been linked to the
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pathogenesis of cardiovascular disease.*® However, we do not yet have data to associate
urinary TMAO concentrations with cardiometabolic outcomes and its concentration in serum
is too low to be quantified by serum NMR metabolomics. In addition, serum polyunsaturated
omega-6 fatty acids associate negatively with multiple urinary metabolites in relation to
amino acid, energy and microbial metabolism, for example, 2-hydroxyisobutyrate, cis-
aconitate, and pseudouridine. Multiple urinary metabolites, e.g., 3-hydroxyisobutyrate,
lactate, pseudouridine, and cis-aconitate associate with circulating amino acids, glucose and
creatinine. For example, for cis-aconitate, a key component in the citric acid cycle, these
associations are not unexpected. Cis-aconitate also associates with serum triglycerides. On
the other hand, urinary uracil (a naturally occurring pyrimidine found in RNA and, e.g.,
related to carbohydrate metabolism and sugar transport) is positively associated with serum
high-density lipoprotein (HDL) cholesterol. The rationale for this association is not evident;
though it could be due to uracil’s involvement in energy metabolism and the inverse
association between serum triglycerides and HDL cholesterol. The colour-coding refers to
partial correlations adjusted for sex; n=995 individuals from NFBC66. The heat map is
organised via 2-dimensional hierarchical clustering. Sixty-six principal components were
needed to explain >99% of variation in the metabolic information of these 104 metabolic
measures combining the quantitative information from urine and serum (leading to
Bonferroni corrected significance p-value of 0.0008 i.e., 0.05/66; marked with * in the map).
Combining quantitative urine metabolite data with serum metabolomics would thus
evidently increase the independent metabolic information content of the data set.

Abbreviations are as detailed in the captions for Figure 3 and Figure 4.
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Figure 6. Associations of metabolites quantified in both urine and serum with body mass
index. Multiple associations are notable between urinary metabolites and BMI. For example,
BMI associates negatively with urinary p-Cresol sulphate and hippurate, and positively with
2-hydroxyisobutyrate and branched-chain amino acids isoleucine and valine, and aromatic
amino acids tryptophan and tyrosine. For all the amino acids that are quantified from both
urine and serum, the association direction with BMI is the same in serum and in urine; the
association strengths however tend to be weaker in urine. Abbreviations are as detailed in

the caption for Figure 4.
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Figure 7. Manhattan plots of the GWAS of formate and 2-Hydroxyisobutyrate.The SNP
associations across the whole genome are presented. For plotting purposes, the associations
with P-value larger than 1*¥107 are not shown. Each dot is a —log;o of P-value of the
association between the genetic variant and the metabolite using an additive model. The
dots are ordered using the chromosome number and base pair position of the variant in the
chromosome. Red line indicates the standard level of genome-wide significance (5*10%).
The top signals in these two plots were significant after correcting the genome-wide
significance threshold for 40 independent tests (P<1.25*107°). All metabolite concentrations
were first adjusted for sex, and ten first principal components from genomic data and the
resulting residuals were transformed to normal distribution by inverse rank-based normal
transformation. NFBC66 was genotyped using lllumina HumanHap 370k array. The
genotypes were imputed using the Haplotype Reference Consortium pipeline.*® The results
were filtered using minor allele frequency cut-off of 5% or greater and imputation info 0.8 or
greater. The analysis software was SNPTEST 2.5.1 using additive model for association

testing.*’
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