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CHAPTER 1 General introduction

1 GENERALINTRODUCTION: THE RISE OF OMICS

The human genome project was a scientific milestone for human biological understanding (1,
2). This achievement started an era of large genetic analyses of an assortment of diseases.
Genetic studies, such as genome-wide association studies (GWAS), have since revolutionized
our understanding of disease etiology, prognosis, and diagnosis, and have contributed to public
health (3, 4). Cardiometabolic diseases, including obesity, cardiovascular disease (CVD), type 2
diabetes (T2D), hypertension, and liver disease such as non-alcoholic fatty liver disease (NAFLD),
are prevalent diseases that have benefited from genomic studies. GWAS have resulted in the
identification of thousands of single nucleotide polymorphisms (SNPs) associated with these
diseases (5). Furthermore, these associated SNPs enabled genetic epidemiological studies
that identified causal associations, expanded our understanding of the pathophysiology, and
improved the prediction of these diseases. In the wake of rapid technological advancements, it
became possible to perform extremely large genomic studies in millions of individuals.

2 PROTEOMICS AND METABOLOMICS

Technological developments have enabled the study of genome-wide gene expression (6), whole
genome DNA modifications in various body tissues (7), and the large scale measurement of
proteins and metabolites downstream of the genome (8). The large-scale study of biological
measures is generally referred to as OMICs. When referring to proteomics and metabolomics, we
are referring to modern methods of mass measurements of hundreds to thousands of proteins
and metabolites from a single sample. These types of studies usually include a large number of
individuals and therefore often require the collaboration of several cohorts.

2.1 Proteomics

Measurement and analysis of proteins has been possible for over 200 years (9). The start of
modern proteomics can be dated back to the 1960s and 70s with the advent of two-dimen-
sional gel electrophoresis (10) and the creation of protein databases (11). However, this process
was slow, had low throughput, and was not easily reproducible. Advances in mass spectrometry
(MS) in the 1990s provided a powerful tool for the identification of proteins that bypassed the
limitations of previous methods (10). After the completion of the human genome project, the
proteome became a new focus to complement the newly sequenced genome (10, 12).

Proteomics and proteome research aims to achieve several goals. First, to use high throughput
technologies to enable the identification and quantification of all human proteins. The number of
proteins that can be produced from genes is amplified by alternative RNA splicing and post-trans-
lational modifications. Whereas the genome is nearly identical in every cell of the body, the
proteome can differ substantially. The variable expression of genes in different cell types as well
as environmental influences determine when and in which cells proteins are produced (13).
These facts make the proteome more dynamic than the genome. Moreover, it makes it difficult
to pinpoint the total number of proteins in humans. Currently, the estimated number of human
proteins varies from 10,000 to billions (13). Second, in addition to the quantification of proteins,
proteomic research enables studying the functionality of proteins. This includes the association
between protein function and disease. Assessing functionality is complicated by protein-protein
interactions and protein-DNA interactions (14). Currently, proteomics research has yielded large
protein atlases publicly available online, such as the human protein atlas (15). Diseases that have
been studied using proteomics include T2D and CVD (16), Alzheimer’s disease (17), NAFLD (18),
osteoarthritis (19), and venous thrombosis (20), to name a few.
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2.2 Metabolomics

Metabolomic research measures small biomolecules in biofluids that are often substrates and
products of metabolism (21, 22). Metabolites can thus be consumed and produced by endog-
enous metabolic processes or acquired from external sources and subsequently modified.
Metabolites include amino acids, fatty acids, cholesterols, nucleotides, triglycerides, lipids,
lipoproteins, and externally acquired compounds such nicotine and its metabolites from smoking
(22, 23). One of the earliest studies on metabolite measurements was reported in the 1940’s by
Willems et al. (24-26). This work was included in their pivotal publication in 1951 where they
coined the concept of “metabolic profiles” (24, 26). In this work, the authors demonstrated the
methodology of quantifying and estimating different metabolites from urine and saliva samples
using paper chromatography. They further reported their extensive work on different metabolic
profiles of alcoholics, schizophrenics, mentally deficient children, overweight and underweight
individuals, and the metabolic profile of different diets (24).

In parallel with the aforementioned completion of the human genome project, advances in MS
and nuclear magnetic resonance (NMR) technology and the expansion of proteomics in the early
2000s, metabolomics has followed suit and gained momentum. This advancement has been driven
by the development of commercial and non-commercial resources for metabolomic measure-
ments that have made this more accessible and affordable for researchers (27). Metabolomics
data have been used to provide insight into the pathophysiology of several diseases. Examples
include the lipoprotein and metabolic profile that have been associated with the risk of coronary
artery disease (28), the metabolomic profile of healthy and unhealthy body weight and their
associations with disease outcomes (29), and the metabolomic profile for depression (30) as
well as numerous other diseases. Furthermore, metabolomics has been used for discovering
disease biomarkers such as neurodegenerative diseases, NAFLD (31), and colorectal cancer (32).

3 ASELECTION OF CURRENT PROTEOMICS AND
METABOLOMICS MEASUREMENT PLATFORMS

A myriad of protein detection and quantification technologies have been developed over the last
decades. These technologies include enzyme-linked immunosorbent assay (ELISA) and western
blotting, two-dimensional gel electrophoresis, gas- and liquid chromatography, MS, NMR, and
aptamer-based proteomics. Most metabolomics platforms use NMR or MS for metabolite
detection and quantification. In this thesis we have used three techniques: for proteomics we
have used the aptamer-based platform SomaScan, for metabolomics we have used the NMR
based Nightingale Inc. platform and the ultra-high performance liquid chromatography - tandem
mass spectrometry (UHPLC-MS/MS) based platform used by Metabolon Inc.

3.1 SomaScan for Proteomics

New techniques have been developed for high throughput protein measurements in recent
years. One such method makes use of nucleotide based “aptamers” to identify and quantify
proteins. A leading platform that uses aptamers for proteomic measurements is SomaScan.
SomaScan (Somalogic, Inc. Boulder, CO, USA) is a high throughput proteomics platform capable
of simultaneous measurement of over a thousand proteins. Unlike traditional immunoassay
instruments, SomaScan utilizes “Systematic Evolution of Ligands by Exponential enrichment”
(SELEX), a biochemical technique used to create a library with a wide range of modified synthetic
oligonucleotide ligands (i.e., the aptamers) bioengineered to bind to their respective protein
targets. These aptamers are designed to emit a fluorescence signal only when they are bound to
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CHAPTER 1 General introduction

their target protein. This fluorescence signature is then used to measure the relative concentra-
tions of the target protein. This method provides several benefits over traditional immunoassay
methods; Aptamers are inexpensive to produce, highly modifiable and are chemically stable.
Somalogic has developed a vast library of thousands of unique aptamers to detect proteins from
a single biological sample (33). However, this technique is not perfect and some studies have
noted that aptamers binding affinity can be affected by cross reactivity issues, genetic variations
altering the protein structure, post-translational modifications, and the effects of the complexity
and stability of the target protein structure (34). Nevertheless, SomaScan has been used for
connecting genetics with the proteome profile of different diseases (35), creating a genomic
atlas of the human proteome (36) and predicting coronary heart disease (37, 38) to name a few.

3.2 Metabolomics Measurement Techniques and Platforms

Metabolomic platforms are often divided into two categories: targeted and untargeted (also
referred to as non-targeted). The targeted approach focuses on detection of predefined target
metabolites (39). A benefit of using targeted metabolomics is its consistency and the possibility
of generating absolute metabolite concentrations. Targeted metabolomic platforms, such as
the Nightingale platform, currently measure several hundred metabolites (39, 40). Untargeted
platforms, on the other hand do not fully target specific metabolites before the measurements.
Instead, the platforms aim to detect and quantify as many metabolites as possible and subse-
quently identify them by cross referencing in large libraries of metabolites. The Metabolon
platform is an example of untargeted platform that utilizes UHPLC-MS/MS technologies (41) and
is capable of measuring thousands of metabolites including known and unknown metabolites.

3.2.1 Nightingale: Proton Nuclear Magnetic Resonance

The Nightingale metabolomics platform (Nightingale Health Plc., Helsinki, Finland) is a targeted
platform that utilizes proton NMR (1H NMR) (39, 42). 1H NMR detects the hydrogen atoms of a
prespecified selection of metabolites or macromolecules—that must be typically found in high
concentrations in the samples—to capture their spectral characteristics. Due to these require-
ments 1H NMR is not as sensitive as other methods, such as MS (41). However, the properties
of 1H NMR make it ideal for in depth quantitative measurement of lipoprotein particles (39).
Moreover, it enables the reproducible quantification of absolute concentrations. The Nightingale
platform utilizes three “molecular windows” for detecting different groups of metabolites. The
lipoprotein (LIPO) window mainly detects the strong signal of lipoprotein subclasses and their
lipid content. The low molecular weight molecules (LMWM) window filters out the signals from
the LIPO window to detect the molecules with low molecular weight such as amino acids and
glucose metabolites (42). Finally, the window for the lipids and lipids related molecules (LIPID)
is used to specifically measure the saturated and unsaturated fatty acids, free and esterified
cholesterol, sphingolipids, and phosphoglycerides (43). By using these three windows, 1H
NMR Nightingale enables both in depth lipoprotein quantification and detection of several low
molecular weight metabolites that are typically not easily measured using NMR. The Nightingale
platforms provides approximately 230-245 metabolite measures including ratios and measure-
ments of subfractions of lipoproteins (39).

3.2.2 Metabolon: Liquid Chromatography Tandem Mass Spectrometry
Chromatography and Mass Spectrometry

Chromatography is an important step for the separation of the biological molecules to enable
the use of MS, particularly for metabolite and protein quantification (21). Chromatography is a
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technique that applies high pressures to push the components of a biological sample through
columns of silica, thus separating them. This requires the samples to be properly prepared and
ionized before the procedure in order for the components to travel in the column. Moreover,
the high pressure applied into the column must be consistent. This pressure can be supplied by
either liquid or gas, respectively referred to as liquid chromatography (LC) and gas chromatog-
raphy (GC). Exceptionally high pressure is in an advanced variant technique known as ultra-high
performance liquid chromatography. The silica columns are designed to exhibit unique chemicals
properties that have binding affinity with specific types of biological molecules. This interaction
between the molecules and the column causes them to travel slower than those that do not
bind to the column. In addition, the travel times differ between the different molecules in the
column due to their unique affinities. The time it takes the molecules to pass through the column
(referred to as the retention time) is key for inferring the molecular characteristics of the reacting
molecules. Following this separation, mass spectrometry can be used to identify the molecules
(21).

Fragmentation of proteins and metabolites is an essential step preceding mass spectrometry.
Fragmentation is commonly achieved by shooting beams of electrons that break the biological
molecules. These fragments are subsequently detected by their electronic charge (z) and their
mass (m). By combining these two values as the mass to charge (m/z) ratio, a relatively unique
signature is assigned to the fragments. The collected data of m/z ratios of the fragments are then
represented as “spectral data”. For metabolomics, a second MS step is frequently applied. This
technique of coupling a chromatographer with two mass spectrometers in tandem is known as
chromatography MS/MS. Tandem MS are used in metabolomics to measure metabolites in the
first MS and subsequently fragment them into smaller particles to be measured in the second
MS. This substantially increases the sensitivity of the measured m/z ratios of metabolites (44).
Subsequently, the retention time from the chromatography step and the spectral data of m/z
ratios from both mass spectrometers are combined (21, 41). For final identification, these signa-
tures are compared to a reference library containing a vast number of retention times and m/z
ratios corresponding to annotated metabolites or proteins.

Ultra High-Performance Liquid Chromatography and Tandem Mass Spectrometry

Metabolon™ Discovery HD4 platform is an untargeted metabolomic platform at Metabolon Inc.
(Durham, North Carolina, USA) that utilizes ultra high-performance liquid chromatography and
tandem mass spectrometry (UHPLC-MS/MS). This platform uses four independent UHPLC-MS/
MS platforms with different LC columns (41, 45). Two platforms use positive ionization reverse
phase chromatography, one uses negative ionization reverse phase chromatography, and one uses
hydrophilic interaction liquid chromatography negative ionization (45). Thus, the platform can
measure a wide range of metabolites with different chemical properties and affinities with high
sensitivity. The signal from the m/z ratio and retention time of the measured ionized molecules
are subsequently cross referenced with an in-house large library of metabolite molecules. If the
metabolite is known, it will be assigned the annotation from the library. Metabolites found in the
library but without a full annotation will also be reported as novel unnamed metabolites (41, 46).
The Metabolon™ HD4 platform currently measures up to 1400 metabolites from a single sample.

Xenobiotics

A feature of the Metabolon platforms is its ability to measure not only endogenous metabolites
produced by the body but also externally acquired “xenobiotic”, or exogenous metabolites in
an untargeted fashion. Essential metabolites for the human body that are acquired from the
diet are usually considered part of the endogenous metabolite group. Xenobiotics on the other
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CHAPTER 1 General introduction

hand include nonessential metabolites from food consumption (such as caffeine) (8) Moreover,
xenobiotics comprise metabolites and chemicals derived from environmental exposures (e.g.,
pollution or chemical contamination), nutrition and diet, lifestyle choices (e.g., smoking,
applying cosmetics), and medication use. The study of the effect of these environmental and
external exposures on individuals is also known as the study of the exposome. In addition to
the factors above, the exposome also includes factors such as the general environment, social
economic status, and climate related factors. Exposome research aims to elucidate the “external”
causes of disease and improve their prevention by examining the environment of patients (47).
Indeed, environmental exposures are suggested to have a stronger impact on health outcomes
than genetic factors (48). Therefore, the Metabolon platform provides a glimpse of an individ-
ual’s exposome in addition to the broad array of endogenous metabolites. In addition, novel
“unnamed” metabolites are also measured which may belong to endogenous or xenobiotic
sources. This enables the simultaneous study of both the internal and external metabolomic
factors involved in disease etiology and clinical outcomes (8) and the identification of associa-
tions with novel, unknown metabolites.

4 GROWING PAINS: CHALLENGES IN EPIDEMIOLOGICAL
STUDIES USING OMICS

4.1 Genomic Challenges: capturing structural variation and the missing heritability
problem

Genomic studies were the first and are the most established of the contemporary OMICs fields.
However, genomics studies have their shortcomings and limitations (49). One of which is their
inherent inability to capture any effects from the exposome. Another issue with genomic studies
is the observation that a very minor proportion, often less than 5%, of the heritability of many
traits is explained by the genetic variants tested (50, 51). This is referred to as the missing herit-
ability problem (52, 53). Despite the increase in the number of genomic studies and the sample
sizes of the cohorts in these studies (often hundreds of thousands of subjects), the explained
variance from these studies remains low (50). Basic genetic analyses can estimate the heredita-
bility of diseases, especially in familial and twin studies that share large portions of the genome
(54, 55). When GWAS became possible and widely available, it was expected that the identified
loci and SNPs would fully account for the known hereditability estimates. Surprisingly, this
was not the case. Even extensive GWAS with thousands of individuals still reported loci that
combined explain a sub-portion of the hereditability of several phenotypes, such as T2D and
height (53). It has been suggested that one of the reasons for the missing hereditability is that
genetics alone do not capture the complete heritability of complex diseases, such as cardiomet-
abolic diseases (52). The influence of environmental factors and their interaction with genetics
could account for the missing heritability (52). Another potential reason for this problem is that
GWAS do not usually include genetic variations outside of SNPs (52). SNPs are the most common
type of variation in the genome and are defined as a germline substitution of a single nucleotide
at a specific position in the genome. However, other mutation types exist such as copy number
variations (CNV) or repeat expansions, in which large number of nucleotides or patterns of nucle-
otides are repeated in the genome. The intrinsic properties of SNPs make their detection using
DNA sequencing techniques much easier then CNVs and other types of genetic variation. This
has contributed to the focus on SNPs in GWAS. However, due to the rapid advances in genomic
technology, it has become possible to readily detect CNVs and other structural variations in the
genome (56). Indeed, these recent advances have enabled genomic research in examining CNVs
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in large studies. These studies have found that CNVs strongly contributed to the hereditability of
various traits such as height and weight (52).

4.2 Challenges in Proteomics and Metabolomics

Many challenges may be encountered when using large metabolomics and proteomics data
sets. Technical issues can occur during the preparation, processing, and quantification phase
of metabolites and proteins. These issues can either be specific to the type of platform and
technique used or can be general biological or chemical problems associated with the compound
to be measured. For instance, if the biological sample and platform preparation is not performed
properly, then the measurement and detection of the metabolites or proteins would be affected.
This can occur if, for example, aptamers are not prepared properly or if the chromatography
columns are contaminated due to overuse. Moreover, the efficiency of the measurement
technique differs depending on the targeted biomarkers. Chemically complex biomarkers can be
more difficult to quantify than simpler ones (57).

Amore generalissue that occursin OMICresearchis the batch and run day effects. OMIC platforms
usually use the standard 96 well plate format to store and measure the samples. Therefore, they
are limited in the number of samples that can be simultaneously quantified. Studies of hundreds
or thousands of individuals requires sending the samples in batches at different time points.
Additionally, each batch needs to be split to smaller groups to be measured by the platform over
several days. The variation of how well each batch is stored and handled can affect the level
of contamination and degradation in the samples. Moreover, the level of contamination may
accumulate in the measurement platform itself after each batch run. Thus, the sensitivity of
the platform and the samples quality can differ per run day and per batch, resulting in potential
batch effects and measurement errors.

Another common problem during quantification occurs when some metabolites or proteins are
in low concentrations in the sample. A limitation of most OMICs platforms is their inability to
distinguish between different metabolites or proteins if their concentrations are below a certain
cutoff range. This cutoff is referred to as the limit of detection (LoD). Metabolites or proteins
below the LoD cannot be quantified and instead their concentrations are set to 0 or left blank
(46). Run day and batch effects also contribute to the sensitivity of the platform and, in turn, the
range of the LoD limits for the platforms (58).

After the physical quantification of the biological samples, computational post-processing steps
are required. In these steps, further issues can occur. For example, correct matching of the m/z
ratio and retention time from the UHPLC-MS/MS based Metabolon platform to the correct entry
in the reference library is prone to machine and human errors. The signal matching procedure
is usually automated by a software tool and then double checked manually. However, due to
software errors or human errors, it is possible that a metabolite signal is not matched correctly.
Similarity between metabolites or poor calibration of the platform during measurement also
contribute to likelihood of these issues. Thus, a valid metabolite signature could be unmatched
and, in worst case scenarios, be incorrectly matched with a completely different metabolite
signature (46).

Once the quantification and postprocessing steps are complete, the generated data is used for
statistical analysis. Here as well complications can occur. OMICs approaches have the benefit of
measuring hundred to thousands of biochemicals from a single sample leading to high dimen-
sional data. Often, the number of measurements is larger than the number of individuals in
the study (N<P). If the sample size is too small, then this high dimensionality can decrease
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CHAPTER 1 General introduction

the power of the study and lead to aberrant results. Furthermore, even if the sample size is
sufficient, high dimensional data requires extra analytical procedures such as adjustment for
multiple testing (59). Furthermore, beforementioned issues that may arise during quantification
and postprocessing must be addressed during the statistical analysis. Indeed, transformation
methods must be used to treat the variations between the batches and the run days. Likewise,
missing measurements from LoD or other technical difficulties must also be addressed.

4.2.1 Missing Data in Metabolomics

Treating missing data is a common issue in epidemiological research. In metabolomics,
handling and imputing missing values in metabolite measurements is a particularly important
and challenging issue. As mentioned, missing values can occur due to contaminations in the
platforms which in turn affects the sensitivity of the measurements. This issue is more common
in untargeted metabolomics platforms (58). The reason for this is that the nature of untargeted
metabolomics is to detect a large number of metabolites without prior selection. This approach
may suffer from errors during the signal identification and signal matching steps (58). Naturally,
the odds of these mistakes occurring increases as the number of metabolites measured expands,
such as the case in untargeted metabolomics, and as the number of samples increases. Missing
values can also occur due to the beforementioned technical difficulties, such as LoD (60), batch
and run day effects, and mismatching issues (58). In addition, missing values could be truly
missing and should not be imputed at all. This is the case with xenobiotic metabolites that are
expected to be measured in specific individuals only. For example, imputing missing values for
metabolites related to the metformin would imply that all participants are diabetics. These
different issues and the high dimensionality of the data makes it statistically challenging to apply
appropriate imputation methods (58).

5 STUDY POPULATIONS

As aforementioned, OMIC research is typically performed with large sample sizes in large
population-based studies to accommodate the large number of OMIC variables. The work in
this thesis involved several population-based studies and collaborations with Dutch and interna-
tional research groups.

5.1 NEO

The Netherlands Epidemiology of Obesity (NEO) study is an ongoing population-based,
prospective cohort study of individuals aged 45-65 years, with an oversampling of individuals
with overweight or obesity. Men and women aged between 45 and 65 years with a self-reported
BMI of 27 kg/m? or higher, living in the greater area of Leiden (in the West of the Netherlands)
were eligible to participate in the NEO study. In addition, all inhabitants aged between 45 and
65 years from one municipality (Leiderdorp) were invited, irrespective of their BMI. Recruitment
of participants started in September 2008 and completed at the end of September 2012. In
total, 6,671 participants have been included, of whom 5,217 with a BMI of 27 kg/m? or higher.
Participants were invited to come to the NEO study center of the Leiden University Medical
Center for one baseline study visit after an overnight fast of at least 10 hours. During the visit a
blood sample of 108 mL was taken from the participants (61). The study was approved by the
medical ethical committee of the Leiden University Medical Center.
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5.2 THE-VTE

The Thrombophilia, Hypercoagulability and Environmental Risks in Venous Thromboembolism
(THE-VTE) study — a multicenter case control study from Leiden (The Netherlands) and
Cambridge (UK) (62). Inclusion took place between March 2003 and December 2008. In total,
626 patients were included, aged 18-75, with a first DVT or PE. Partners of the patients were
invited as controls. Subsequent follow-up of the cases was performed to assess recurrence risk.
The mean follow-up duration was 4.8 years after discontinuation of oral anticoagulant therapy.
Blood samples were taken 2-3 months after discontinuation of anticoagulants. The study was
approved by the Medical Ethics Committee of the Leiden University Medical Centre (Leiden,
Netherlands) and the NHS Research Ethics Committee in Cambridge, UK.

5.3 PROSPER

The Prospective Study of Pravastatin in the Elderly at Risk (PROSPER) was a randomized, double-
blind, placebo-controlled trial among 5,786 men and women between 70-82 years old with a
pre-existing vascular disease or a raised risk for such a disease. The aim of the trial was to test the
benefits of Pravastatin. Participants were recruited from three countries with 2,517 individuals
from Scotland, 2,173 individuals from Ireland and 1,096 individuals from the Netherlands.
Fasting blood sample were collected and stored at -80 degrees for later NMR metabolomics
analysis (63). The study was approved by the institutional ethics review boards of all centers and
written informed consent was obtained from all participants (64).

5.4 NESDA

The Netherlands Study of Depression and Anxiety (NESDA) is an ongoing longitudinal cohort
study into the long-term course and consequences of depressive and anxiety disorders. The
sample consists of 2,981 participants with depressive/anxiety disorders and healthy controls
recruited from the general population, general practices, and secondary mental health centers
(65). Blood samples were collected after an overnight fast at the baseline visit (2004-2007). The
Ethical Committees of all participating universities approved the NESDA project, and all partici-
pants provided written informed consent (66)

5.5 The Rhineland Study

The Rhineland Study is an ongoing prospective population-based cohort study based in two
geographically defined areas In Bonn, Germany. Participants were recruited via invitation
beginning in 2016. The primary focus of the study is on aging and age-related brain disorders in
adult life. The source population consists of all inhabitants aged 30 years or older in the specified
Bonn area. Participation was only possible upon invitation and regardless of health status
provided they had sufficient command in the German language to provide an informed consent.
The ethics committee of the medical faculty of the University of Bonn approved the undertaking
of the study and it was carried out according to the recommendations of the International
Council for Harmonisation Good Clinical Practice standards. Written informed consent was
acquired from all participants per the Declaration of Helsinki.

5.6 INTERVAL

INTERVAL is a prospective cohort study nested within a pragmatic randomized trial of blood
donors enrolled from 25 static centers of NHS Blood and Transplant (67). Recruitment of about
50,000 male and female donors started in June 2012 and was completed in June 2014. Blood
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CHAPTER 1 General introduction

donors 18 years and older were consented and recruited from 25 National Health Service Blood
and Transplant (NHSBT) static donor centers across England. All participants fulfilled all normal
criteria for blood donation (68). Therefore, participants included in the study were predomi-
nantly healthy. The INTERVAL study was approved by the Cambridge (East) Research Ethics
Committee. Written informed consent was obtained from all participants.

6 OUTLINE

In this thesis, we will look at the methodological challenges and epidemiological applications
of genomics, proteomics, and in particular metabolomics. Part | focuses on methodological
challenges and applications of proteomics and metabolomics research. In Part |, Chapter 2, we
demonstrate the application of measures of agreement to compare contemporary large-scale
aptamer-based proteomics with standardized clinical measurements in the THE-VTE study. Part
I, Chapter 3 explores the challenges of treating missing data in metabolomics and describes a
workflow for imputing the different types of missing data. In Part I, Chapter 4, we present a
metabolomic age prediction model based on 826 UHPLC-MS/MS measured metabolites from
the INTERVAL study. We also report our evaluation of the model using several comorbidities
in the NEO study. Part Il of this of this thesis focuses on the etiological applications of metabo-
lomics and genomics. In Part I, Chapter 5, we combine regression analysis and network analysis
to investigate the association between UHPLC-MS/MS metabolite measurements with hepatic
triglyceride content in the NEO study. In addition, we illustrate the results as an interactive online
atlas. Part Il, Chapter 6, focuses on the effects of genetic tandem repeat mutations in the HTT
gene on NMR metabolite measurements in the NEO, PROSPER, and NESDA studies. We further
explore the role of BMI mediation on the associations. In Part Il, Chapter 7, we present the results
for the effect of the environmental contaminant Per- and polyfluoroalkyl substances (PFAS) on
the metabolic and lipoprotein profile of the general populations in Germany (The Rhineland
Study) and the Netherlands (NEO study). In Part Ill, Chapter 8, we discuss our findings and offer
our thoughts on the future evolution of multi-OMIC in research.
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CHAPTER 2 Agreement of aptamer proteomics with standard methods for measuring venous thrombosis biomarkers

Essentials

e Measurement agreement of aptamer proteomics for venous thromboembolism (VTE)
markers is unknown.

e We selected 27 cases with unprovoked VTE and 27 controls from the THE-VTE study.

e Agreement between the aptamers and the laboratory methods for the VTE biomarkers was
poor.

e Currently the usage of aptamer proteomics for VTE biomarkers should be considered with
caution.

1 ABSTRACT
Background

Venous thromboembolism (VTE) is a complex disease with an incidence rate of about 1/1000
per year. Despite the availability of validated biomarkers for VTE, unprovoked events account for
50% of first events. Therefore, emerging high-throughput proteomics are promising methods for
the expansion of VTE biomarkers. One such promising high-throughput platform is SomaScan,
which utilizes a large library of synthetic oligonucleotide ligands known as aptamers to measure
thousands of proteins.

Objective

The aim of this study was to evaluate the viability of the aptamer-based SomaScan platform for
VTE studies by examining its agreement with standard laboratory methods.

Methods

We examined the agreement between eight established VTE biomarkers measured by SomaScan
and standard laboratory immunoassay and viscosity-based instruments in 54 individuals (27
cases and 27 controls) from the THE-VTE study. We preformed the agreement analysis by using
a regression model and predicting the estimates and the 95% prediction interval (PI) of the
laboratory instruments values using SomaScan values.

Results

SomaScan measurements exhibited overall poor agreement, particularly for D-dimer (average
fit [95% PI]: 492.7 ng/mL [110.0-1998.2]) and fibrinogen (average fit [95% PI]: 3.3g/L [2.0-4.7]).

Conclusion

Our results indicate that SomaScan measurement had poor agreement with the standard
laboratory measurements. These results may explain why some genome wide association studies
with VTE proteins measured by SomaScan did not confirm previously identified loci. Therefore,
SomaScan should be considered with caution in VTE studies.
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2 INTRODUCTION

Venous thromboembolism (VTE) is a complex disease caused by an imbalance in the coagulation
and fibrinolysis pathways. VTE, which encompasses deep vein thrombosis (DVT) and pulmonary
embolism (PE), has an incidence rate of 1/1000 per year[1]. Venous thromboembolism is assumed
to be caused by both acquired and genetic risk factors[1], but the mechanisms that evoke VTE
involve complex interactions of pathways that are still not fully understood[1, 2]. Several genetic
variants and proteins and have been identified as risk factors for VTE, such as factor V Leiden (F5
rs6025), prothrombin 20210A (FIl rs1799963), low levels of antithrombin, protein S and protein
C, and high levels of factor VIII, IX, and XI[1].

The current standard methods to quantify coagulation factors are by viscosity or optical detection
based coagulation analysers and immunoassay-based laboratory instruments targeting one or
more coagulation factors. For example, elevated levels of D-Dimer are associated with increased
risk of DVT, recurrent DVT and mortality[3]. Moreover, D-dimer is measured with >95% diagnostic
sensitivity by immunoassay-based instruments and hence broadly used by clinicians for the
exclusion of VTE in patients with low or intermediate risk[4].

Further expansion of the number of biomarkers is imperative for studying the aetiology and
improving prediction of VTE. Emerging high throughput proteomic platforms are promising tools
to identify such novel biomarkers as these platforms are capable of quantifying large numbers
of proteins simultaneously from a single sample[5, 6]. The aim of our study was to assess the
measurement agreement of one such platform, the aptamer-based SomaScan platform, by
comparing its measurements with the current established laboratory methods for eight VTE
biomarkers in THE-VTE study.

2.1 SomaScan

SomaScan (Somalogic, Inc. Boulder, CO, USA) is a high throughput proteomics platform capable
of simultaneous measurement of thousands of proteins. Unlike traditional immunoassay instru-
ments, SomaScan utilizes Systematic Evolution of Ligands by Exponential enrichment (SELEX), a
biochemical technique used to create a library with a wide range of modified synthetic oligonucle-
otide ligands (known as aptamers) designed to bind to their respective protein targets. Aptamers
provide several benefits over immunoassay methods; They are inexpensive to produce, highly
modifiable and are chemically stable. SomaScan has developed a vast library of unique aptamers
(SOMAmers) to detect thousands of proteins[7]. This makes the SomaScan platform appealing
for researchers and, indeed, several large studies have utilized the platform for various purposes
including the identification novel protein markers[8-10].
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3 METHODS

3.1 THE-VTE study

For our cases and controls, we used samples from the Thrombophilia, Hypercoagulability and
Environmental Risks in Venous Thromboembolism (THE-VTE) study — a multicentre case control
study from Leiden (The Netherlands) and Cambridge (UK)[11]. Inclusion took place between
March 2003 and December 2008. In total, 626 patients were included, aged 18-75, with a first
DVT or PE. Partners of the patients were invited as controls. Subsequent follow-up of the cases
was performed to assess recurrence risk. The mean follow-up duration was 4.8 years after discon-
tinuation of oral anticoagulant therapy. Blood samples were taken 2-3 months after discontinu-
ation of anticoagulants. The blood samples were collected into Sarstedt Monovette tubes, in a
0.1 volume of 0.106 m trisodium citrate and separated into plasma by centrifugation then stored
at-80 °C. All participants gave written informed consent. The study was approved by the Medical
Ethics Committee of the Leiden University Medical Centre (Leiden, Netherlands) and the NHS
Research Ethics Committee in Cambridge, UK.

The current pilot study was originally designed to explore the biomarker measurements differ-
ences between unprovoked VTE and controls in a case-control design using SomaScan. Before
proceeding, we checked the general measurement agreement between SomaScan and standard
laboratory immunoassay and viscosity-based instruments in both cases and controls to assess
the agreement over the whole range of coagulation factors levels. Unprovoked events were
defined as individuals who did not have surgery, trauma or long-term immobilisation 3 months
prior to the event. Moreover, patients were excluded if they had an active malignancy, abnormal
levels of proteins C, protein S and antithrombin (<80 U/dL), used hormone replacement
therapy or hormonal contraceptives at the time of the event. Patients with factor V Leiden or
prothrombin (PT20210A) mutations were also excluded. We selected a sample of 16 cases with
unprovoked VTE and further added eleven patients who experienced a recurrent venous throm-
bosis during follow-up, resulting in the inclusion of 27 VTE cases. By including unprovoked VTE
cases as well as controls we covered a wide range of VTE biomarker values. Finally, we randomly
selected 27 participants without VTE as controls. The frozen samples of the selected cases and
controls were sent and thawed for analysis by SomaScan in 2016. No thawing or refreezing was
performed during the interim period between 2011-2016. VTE biomarkers were measured by
validated immunoassay-based, viscosity-based detection instruments, henceforth referred to as
laboratory instruments. D-dimer total concertation (ng/mL) was measured by the Vidas D-dimer
immunoassay (BioMérieux, Basingstoke, UK). The activity (international units per millilitre; 1U/
ml) of protein C, protein S, antithrombin (using chromogenic assay), prothrombin, coagulation
factor IX, and coagulation factor XI were measured by STA-R coagulation analyser (Diagnostica
Stago, S.A.S, Asniéres sur Seine, France). Fibrinogen total concertation (g/L) was measured by
STA-R coagulation analyser (Diagnostica Stago, S.A.S, Asniéres sur Seine, France)[11].

Samples were sent to Somalogic (Boulder, CO, USA) and measured by the SomaScan platform.
The instrument measured 1310 total proteins of which 24 proteins failed the quality check
and were flagged. We selected eight VTE biomarkers that were measured by laboratory instru-
ments and successfully measured by SomaScan: D-dimer, prothrombin, protein C, protein
S, antithrombin, fibrinogen, coagulation Factors IX, and XI. One control sample failed quality
control was excluded.

To compare the agreement and interchangeability of the different measures we used the
95% agreement statistical method[12]. Since SomaScan uses relative fluoresces units (RFU) as
measures for protein concentration, and the laboratory instruments measure absolute protein
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concentrations or activity (IlU/ml), we applied an alternative method to assess agreement if
measurements are on different units, as described by Bland & Altman[12]. First, we performed
a linear regression per biomarker with laboratory instruments measures as the outcome and
SomaScan measures as the independent variable. Second, we used the regression models to
predict estimates of the laboratory instruments values using SomaScan values. After checking
the normality of the residuals, we log transformed the D-Dimer measurements as their distribu-
tions were very skewed. Finally, we calculated the 95% prediction interval (Pl) to represent the
equivalent of 95% limits of agreement[12]. This method is equivalent to comparing the mean
differences of the two measurement methods. If the bias is consistent and the mean difference
is close to 0 the result would show narrow prediction intervals. Consequently, the two methods
would be interchangeable and in good agreement[13]. It is difficult to define hard cut-off points
for the intervals. Therefore, judging the agreement is considered a clinical question rather than
a statistical one[14].

4 DISCUSSION AND RESULTS

We examined the agreement of SomaScan measurements of VTE biomarkers with the laboratory
instruments. The table and figures for the results are shown in Table 1 and Figure 1. Although a
particular biomarker may seem to be in good agreement due to oblique slopes, the appropriate
indicator for agreement is the width of the prediction interval around the average fit of the
regression line[12].

Table 1: Average fit and average prediction intervals for SomaScan and laboratory instruments for the
coagulation factors.

Protein Name Units Average Fit [Average 95% Pls] Average Width
Coagulation Factor XI (%) 100% = 1 1U/mL 124.3 [75.0-173.5] 98.5
Protein S (%) 100% = 1 1U/mL 101.4 [80.2-122.7] 42.6
Protein C (%) 100% = 1 1U/mL 133.9 [106.4-161.4] 55.1
Antithrombin (%) 100% = 1 1U/mL 105.5 [91.0-120.1] 29.1
Coagulation Factor IX (%) 100% = 1 1U/mL 129.6 [81.0-178.2] 97.2
Prothrombin (%) 100% = 1 1U/mL 103.7 [80.3-127.1] 46.9
D-Dimer

Log Log(ng/mL¥*) 6.2 [4.7-7.6] 2.9

Back-transformed ng/mL* 492.7 [110.0-1998.2] 1888.2
Fibrinogen g/L 3.3[2.0-4.7) 2.6

Activity of coagulation factor Xl, protein S, protein C, antithrombin, coagulation factor IX,
and prothrombin were measured by the same instrument and use IU/mL units. D-dimer and
fibrinogen total concentrations were measured by immunoassay instruments. *D-dimer was
assayed using the Vidas D-dimer assay. Unit type used was FEU = Fibrinogen equivalent unit (500
ng FEU/mL = 250 ng D-dimer/mL). Abbreviations: Pls: Prediction Interval; IU/mL: international
units per millilitre; Average Width: the average difference between the lower and upper limits
of the prediction interval.
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Figure 1: 95% Limits of Agreements plots for each VTE biomarker.
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Narrow prediction intervals indicate higher agreement between the SomaScan (x-axis) and
laboratory instruments (y-axis). Antithrombin had the narrowest interval and, therefore, the
best agreement. D-dimer had the poorest agreement as indicated by the wide interval in the log
transformed plot. Abbreviations: RFU: relative fluoresces units; IU/mL: international units per
millilitre.

Overall, the results indicate poor agreement of SomaScan with the validated laboratory instru-
ments. The narrowest prediction interval, and thus the best agreement, were observed for
antithrombin (average fit [95% PI]: 105.52 IU/mL [90.98-120.06]) followed by protein S (average
fit [95% PI]: 101.44 1U/mL [80.15-122.73]), Prothrombin (average fit [95% PI]: 103.7 IU/mL
[80.27-127.13]) and protein C (average fit: [95% PI] 133.87 IU/mL [106.35-161.4] ). Factor IX
(average fit [95% PI]: 129.62 IU/mL [81.03-178.21]) and factor XI (average fit [95% PI]: 124.26 1U/
mL [75-173.53]) had a wide mean prediction interval and low agreement. The prediction interval
for fibrinogen also had a wide interval (average fit [95% PI]: 3.3 g/L[2.0-4.7]). This result indicates
that the predicted value of fibrinogen was within a prediction range (average width) of 2.6 g/L
(~80%) of the laboratory measurement. Considering the wide prediction interval width and the
fact that the normal range of fibrinogen is between 2 and 5 g/L[15], we concluded that the
SomaScan measurements of fibrinogen are in poor agreement with the laboratory instrument.
Finally, agreement between SomaScan and laboratory instruments for D-dimer had the widest
average interval (average fit [95% PI]: 6.2 [4.7-7.6]) among the measured markers as shown in
Figure 1. The values and width of the interval for the log D-dimer plot may seem normal compared
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to the plots of the other measurements. However, unlike the other biomarkers, D-dimer was
measured in ng/mL units and was log transformed in order to fulfil the requirement of normality
for the analysis. After back-transforming the values, the agreement was very poor as indicated
by the extremely wide prediction interval (average fit [95% PI]: 492.7 ng/mL [110.0-1998.2]).

The current study demonstrated poor agreement of SomaScan VTE measures with the laboratory
instruments, particularly for D-dimer, which is a particularly important VTE biomarker[1, 4, 6],
despite passing quality control. This poor agreement could explain the reported lack of associ-
ation between SomaScan D-dimer measurement and the risk of DVT[16].

Despite the advantages of SomaScan for high throughput measurements, the observed
disagreement could be due to some of the platform’s shortcomings[17]. Some factors that can
affect binding affinity are aptamer cross reactivity, genetic variations, post-translational modifi-
cations, and the complexity and stability of the target protein structure. Moreover, SomaScan
measurements are quantitative and not qualitative and would not be able to detect qualitative
defects in the analysis. It is important to note that our assessment was only of the eight VTE
biomarkers available in our study and cannot be generalized to the agreement of the remaining
proteins measured by SomaScan for our dataset.

Two previous studies assessed the association between SomaScan measurements and VTE
SNPs in the SomaScan protein genome wide association study (pGWAS)[8, 10]. Since several
genetic loci associated with VTE biomarkers have previously been identified, multiple hits were
expected. However only factor XI and protein C measured by SomaScan associated with three
loci and one locus, respectively. The lack of genetic correlations with the SomaScan measures for
the biomarkers further supports our findings of poor agreement.

Possible limitations of the study are the usage of activity measurements for biomarkers versus
the relative concentration reported by SomaScan. However, both D-dimer and fibrinogen showed
poor agreement despite being measured as concentration measures. Moreover, viscosity-based
activity measurements, such as the STA-R analyser used here, are considered the standard for
VTE studies[18-20]. Furthermore, the recommended the sample size for Bland-Altman methods
is usually N>100[21]. Our small size may affect the accuracy of the width of the 95% agreement
intervals. However, we found that the agreement is very poor for some of the biomarkers, such
as D-dimer, which cannot be fully explained by the sample size. Finally, it is unlikely the storage
time of the plasma samples before the SomaScan analysis caused major degradation. Since the
blood was collected, the samples were stored in -80 °C and the sampled aliquots were used for
the primary analysis. Afterwards the samples were not thawed until the analysis by SomaScan
five years later. Several studies have shown that these conditions were optimal for the storage of
plasma samples and maintain minimal degradation[22-24]. Therefore, storage time and condi-
tions are an unlikely cause to the disagreement in our results. Nevertheless, comparing the
agreement of SomaScan with total concentrations for the other biomarkers and in larger studies
may provide further insight.
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5 CONCLUSION

The 95% limits agreement is a simple and effective statistical method for comparing measure-
ments by different methods. We believe it is important to apply this type of analysis to compare
the measurements of exciting novel high throughput platforms with current established
measurements; thereby limiting measurement errors from affecting the results and conclusions
based on such platforms.

In conclusion, despite the promising applications of aptamers for proteomics studies, we found
that the applied SomaScan platform is not interchangeable with validated laboratory instru-
ments for the VTE markers in our study. Therefore, caution is needed when applying SomaScan
measurements for hypothesis driven VTE studies using these markers. Whether this is also true
for other biomarkers for VTE remains to be determined. It is clear that more studies of agreement
with larger sample size and additional markers are needed.

6 FUNDING

This project has been sponsored by the Leiden University Fund / Nypels van der Zee fonds.
THE-VTE study was supported by the Netherlands Organization for Scientific Research (NWO) —
grant number 916.56.157 (VENI). ]. Tarig Faquih was supported by the King Abdullah Scholarship
Program and King Faisal Specialist Hospital & Research Centre [No. 1012879283].

35



PART | Methodological Challenges in Proteomics and Metabolomics

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

REFERENCES

Heit JA. Epidemiology of venous thromboembolism. Nat Rev Cardiol. 2015;12(8):464-74.

Naess IA, Christiansen SC, Romundstad P, Cannegieter SC, Rosendaal FR, Hammerstrom J. Incidence and
mortality of venous thrombosis: a population-based study. J Thromb Haemost. 2007;5(4):692-9.
Halaby R, Popma CJ, Cohen A, Chi G, Zacarkim MR, Romero G, et al. D-Dimer elevation and adverse
outcomes. Journal of thrombosis and thrombolysis. 2015;39(1):55-9.

Konstantinides SV, Meyer G, Becattini C, Bueno H, Geersing G-J, Harjola V-P, et al. 2019 ESC Guidelines
for the diagnosis and management of acute pulmonary embolism developed in collaboration with
the European Respiratory Society (ERS): The Task Force for the diagnosis and management of
acute pulmonary embolism of the European Society of Cardiology (ESC). European Heart Journal.
2019;41(4):543-603.

Cristea IM, Gaskell SJ, Whetton AD. Proteomics techniques and their application to hematology. Blood.
2004;103(10):3624-34.

Pabinger I, Ay C. Biomarkers and Venous Thromboembolism. 2009;29(3):332-6.

Gold L, Ayers D, Bertino J, Bock C, Bock A, Brody EN, et al. Aptamer-based multiplexed proteomic
technology for biomarker discovery. PLoS One. 2010;5(12):e15004.

Suhre K, Arnold M, Bhagwat AM, Cotton RJ, Engelke R, Raffler J, et al. Connecting genetic risk to disease
end points through the human blood plasma proteome. Nat Commun. 2017;8:14357.

Ganz P, Heidecker B, Hveem K, Jonasson C, Kato S, Segal MR, et al. Development and Validation of
a Protein-Based Risk Score for Cardiovascular Outcomes Among Patients With Stable Coronary Heart
Disease. JAMA. 2016;315(23):2532-41.

Sun BB, Maranville JC, Peters JE, Stacey D, Staley JR, Blackshaw J, et al. Genomic atlas of the human
plasma proteome. Nature. 2018;558(7708):73-9.

van Hylckama Vlieg A, Baglin CA, Luddington R, MacDonald S, Rosendaal FR, Baglin TP. The risk of a first
and a recurrent venous thrombosis associated with an elevated D-dimer level and an elevated thrombin
potential: results of the THE-VTE study. ) Thromb Haemost. 2015;13(9):1642-52.

Bland JM, Altman DG. Applying the right statistics: analyses of measurement studies. 2003;22(1):85-93.
Giavarina D. Understanding Bland Altman analysis. Biochemia medica. 2015;25(2):141-51.

Bland JM. Interpreting the limits of agreement: do | have good or bad agreement? 2009 [updated 2009
March 202021 January 11]. Available from: https://www-users.york.ac.uk/~mb55/meas/interlim.htm.
Kattula S, Byrnes JR, Wolberg AS. Fibrinogen and Fibrin in Hemostasis and Thrombosis. Arteriosclerosis,
thrombosis, and vascular biology. 2017;37(3):e13-e21.

Tala JA, Polikoff LA, Pinto MG, Li S, Trakas E, Miksa M, et al. Protein biomarkers for incident deep venous
thrombosis in critically ill adolescents: An exploratory study. 2020;67(4):e28159.

Joshi A, Mayr M. In Aptamers They Trust: The Caveats of the SOMAscan Biomarker Discovery Platform
from Somalogic. Circulation. 2018;138(22):2482-5.

Justine B, Thomas S, Bruno P, Marc GB, Anne-Francoise S-S, Aurélien L. Evaluation des performances
de 'automate STA R Max®(Stago) pour les paramétres d’hémostase de routine. Annales de Biologie
Clinique. 2018;76(2):143-9.

Flanders MM, Crist R, Safapour S, Rodgers GM. Evaluation and Performance Characteristics of the STA-R
Coagulation Analyzer. Clinical Chemistry. 2002;48(9):1622-4.

Cupaiolo R, Govaerts D, Blauwaert M, Cauchie P. Performance evaluation of a new Stago(®) automated
haemostasis analyser: The STA R Max(®) 2. Int J Lab Hematol. 2019;41(6):731-7.

Bland JM. How can | decide the sample size for a study of agreement between two methods of
measurement? 2004 [updated 2004 January 122021 January 1]. Available from: https://www-users.
york.ac.uk/~mb55/meas/sizemeth.htm.

Hubel A, Spindler R, Skubitz AP. Storage of human biospecimens: selection of the optimal storage
temperature. Biopreservation and biobanking. 2014;12(3):165-75.

36



CHAPTER 2 Agreement of aptamer proteomics with standard methods for measuring venous thrombosis biomarkers

23.

24.

Tworoger SS, Hankinson SE. Collection, processing, and storage of biological samples in epidemiologic
studies: sex hormones, carotenoids, inflammatory markers, and proteomics as examples. Cancer epide-
miology, biomarkers & prevention : a publication of the American Association for Cancer Research,
cosponsored by the American Society of Preventive Oncology. 2006;15(9):1578-81.

Wagner-Golbs A, Neuber S, Kamlage B, Christiansen N, Bethan B, Rennefahrt U, et al. Effects of
Long-Term Storage at -80 °C on the Human Plasma Metabolome. Metabolites. 2019;9(5).

37



38



Chapter 3

A Workflow for Missing
Values Imputation of
Untargeted Metabolomics

Data

39



PART | Methodological Challenges in Proteomics and Metabolomics

Tarig Faquih 1 Maarten van Smeden 2, Jiao Luo 1, Saskia le Cessie 1,3, Gabi Kastenmiiller 4.5, Jan Krumsiek 6,
Raymond Noordam 7, Diana van Heemst 7, Frits R. Rosendaal 1,Astrid van Hylckama Vlieg 1 Ko Willems van
Dijk 89,10 and Dennis 0. Mook-Kanamori 1,11,12,*

Department of Clinical Epidemiology, Leiden University Medical Center, Postal Zone C7-P, PO Box 9600,
2300 RC Leiden, The Netherlands; T.0.Faquih@lumc.nl (T.F.); J.Luo@lumc.nl (J.L.); S.le_Cessie@lumc.nl (S.l.C.);
F.R.Rosendaal@lumc.nl (F.R.R.); A.van_Hylckama_Vlieg@lumc.nl (A.v.H.V.)

? Julius Center for Health Sciences and Primary Care, University Medical Centre Utrecht, Utrecht University, 8,
3584 Utrecht, The Netherlands; M.vanSmeden@umcutrecht.nl

Department of Biomedical Data Sciences, Section Medical Statistics and Bioinformatics, Leiden University
Medical Center, 2, 2333 Leiden, The Netherlands
* Institute of Bioinformaticsand Systems Biology, Helmholtz-Zentrum Miinchen, 85764 Neuherberg, Germany;
g.kastenmueller@helmholtz-muenchen.de

Institute of Experimental Genetics, Genome Analysis Center, Helmholtz Zentrum Miinchen, 85764
Neuherberg, Germany

Department of Physiology, Institute for Computational Biomedicine, Englander Institute for Precision
Medicine, Weill Cornell Medicine, New York, NY 10065, USA; jak2043@med.cornell.edu

Department of Internal Medicine, Section of Gerontology and Geriatrics,

Leiden University Medical Center, 2333ZA Leiden, The Netherlands; R.Noordam@Ilumc.nl (R.N.); D.van_
Heemst@lumc.nl (D.v.H.)

® Einthoven Laboratory for Experimental Vascular Medicine, Leiden University Medical Center, 2, 2333 Leiden,
The Netherlands; K.Willems_van_Dijk@lumc.nl

Department of Internal Medicine, Division of Endocrinology, Leiden University Medical Center, 2, 2333
Leiden, The Netherlands
1 Department of Human Genetics, Leiden University Medical Center, 2, 2333 Leiden, The Netherlands
- Department of Public Health and Primary Care, Leiden University Medical Center, 2, 233 Leiden, The
Netherlands
* Metabolon Inc., Morrisville, NC 27560, USA
* Correspondence: D.O.Mook@Ilumc.nl

Metabolites. 2020. 10:486. doi:10.3390/metabo10120486 PMID: 33256233

40
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1 ABSTRACT:

Metabolomics studies have seen a steady growth due to the development and implementation
of affordable and high-quality metabolomics platforms. In large metabolite panels, measurement
values are frequently missing and, if neglected or sub-optimally imputed, can cause biased study
results. We provided a publicly available, user-friendly R script to streamline the imputation of
missing endogenous, unannotated, and xenobiotic metabolites. We evaluated the multivariate
imputation by chained equations (MICE) and k-nearest neighbors (kNN) analyses implemented in
our script by simulations using measured metabolites data from the Netherlands Epidemiology
of Obesity (NEO) study (n = 599). We simulated missing values in four unique metabolites from
different pathways with different correlation structures in three sample sizes (599, 150, 50) with
three missing percentages (15%, 30%, 60%), and using two missing mechanisms (completely at
random and not at random). Based on the simulations, we found that for MICE, larger sample
size was the primary factor decreasing bias and error. For kNN, the primary factor reducing bias
and error was the metabolite correlation with its predictor metabolites. MICE provided consist-
ently higher performance measures particularly for larger datasets (n > 50). In conclusion, we
presented an imputation workflow in a publicly available R script to impute untargeted
metabolomics data. Our simulations provided insight into the effects of sample size, percentage
missing, and correlation structure on the accuracy of the two imputation methods.

Keywords: imputation; multiple imputation using chained equations; k-nearest neighbors;
untargeted metabolomics; metabolon; simulation; workflow

2 INTRODUCTION

Metabolomics studies have seen a steady growth due to the development and implementation
of affordable and high-quality metabolomics platforms. These platforms can be split into two
categories: targeted and untargeted metabolomics platforms based on their approach to metab-
olite identification [1,2]. Targeted platforms are focused on a known prespecified set of metabo-
lites, while untargeted platforms aim to detect as many metabolites as possible in the sample
without the need for explicit prior knowledge of their identity. The metabolite signatures detected
(i.e., mass to charge ratio, m/z, or retention times) are subsequently matched in a metabolite
library to determine their identity. Currently, both targeted and untargeted platforms can detect
over 1000 metabolites in a single biological sample (e.g., blood, saliva, and urine). A typical issue
with both these platform types is missing values from the measurement.

Missing values in metabolomics data are problematic for subsequent analyses, may be neglected,
and are often mishandled or ignored. A common misconception is that missing values in metab-
olomics data are exclusively due to metabolites with a very low concentration, i.e., below the
limit of detection of the instrument. Although in many circumstances the majority of missing
values can be due to low concentrations, it has been shown that missing values can also be
caused by biological and/or technical variation [3—5]. Based on the assumption that not reaching
the limit of detection exclusively causes missingness, missing values are often handled with one
or more of the following procedures:

For each metabolite the missing values are replaced (“imputed”) with a single value, such as the
minimum detection level or half the minimum detection level. This approach results in overrep-
resentation of a single value in the population distribution. This may affect subsequent analyses
and may cause biased results, regardless of the cause of missing values [5,6]. Furthermore,
metabolites could be missing in some individuals because they are not biologically present in their
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system. Therefore, imputing these missing values will cause bias in the analysis. For example, if
the metabolites for metformin are imputed, both diabetic patients who use the drug as well
as and non-diabetic individuals who do not use the drug will have values for the it. This is a
prominent issue in platforms such as Metabolon™ (Metabolon Inc., Durham, NC, USA) that
include xenobiotic metabolites (e.g., metabolites from external sources such as medications).

Metabolites with a missing percentage above an arbitrary cut-off value (for example 20%) are
removed from the dataset due to “too much missingness” regardless of the metabolite identity.
By applying a cut-off above which metabolites are removed from the dataset, or, in the most
extreme case only using the complete cases, data are unnecessarily discarded, that could have
been of importance to the research question. Furthermore, this exclusion can affect further
pathway analysis, such as metabolite set enrichment analysis, that explore possible pathway
connections for the measured metabolites [7].

Several studies have evaluated imputation methods for metabolomics data. The consensus from
these studies has so far been that imputation using half the minimum value leads to more
bias than other methods and, consequently, this method is discouraged [3,8]. One alternative
imputation method that has been recommended for metabolomics is the k-nearest neighbors
(kNN) imputation [6,9]. An extensive simulation was performed that evaluated and compared
31 methods of imputation in a simulated untargeted metabolomics data provided by the
Metabolon™ platform [6]

These methods included univariate methods such as half-minimum imputation and multivariate
methods such as variations of kNN and multivariate imputation by chained equations (MICE).
Two methods were concluded to have the best performance:

kNN on observations with variable pre-selection (“kNN-obs-sel”), a two-step method that incor-
porates the standard kNN algorithm with a preselection of a group of metabolites that are most
correlated with the metabolite with missing values (i.e., auxiliary metabolites). Therefore, the
neighbors selected by kNN will have similar metabolomic profiles [6].

MICE using the predictive mean matching method (“MICE-pmm”). Like kNN-obs-sel, the most
correlated metabolites were used for the imputation. The imputed values are then selected from
distribution of possible values to produce multiple imputed datasets [10-12].

In this paper, we expand upon the meticulous evaluation of the imputation methods by Do et al.
[6], which was performed on an older version of the metabolomics platform that detects a smaller
set of metabolites (n = 517). Furthermore, we set out to take unannotated (i.e., unidentified
metabolites in the library) and xenobiotic metabolites into account. The recent Metabolon™
panel in use (Discovery HD4) has increased the number of metabolites to >1000, which includes
more unannotated and xenobiotic metabolites. As more scientists are using metabolomics
data in their research, it is helpful to have a user-friendly workflow for imputation using the
best available methods. We provided this imputation workflow and a user-friendly R script to
streamline the imputation of the Metabolon™ HD4 panel using kNN-obs-sel and MICE-pmm.
Furthermore, we evaluated the imputations by the script in several scenarios with different
missingness conditions by a resampling simulation analysis using measured metabolomics data
from the Netherlands Epidemiology of Obesity (NEO) study.
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3 RESULTS

3.1 Metabolomic Data Characteristics

Metabolomics measurements in 599 individuals between the ages of 45 and 65 with normal
BMI distribution from the NEO study identified 1365 metabolites. Detailed information regarding
the population are provided in the methods section and Appendix A. Known metabolites were
annotated with their chemical name, super pathway, sub pathway, compound identifiers from
various metabolite databases, and information regarding their biochemical properties. A total of
840 metabolites were from various endogenous pathways, 229 metabolites were characterized
as xenobiotics, and 296 metabolites were unannotated (lacking information regarding chemical
name and pathway). Of the 1365 identified metabolites, 800 (58.6%) contained missing values
and the median number of missing metabolites per observation was 228 (38%) (Table 1).

Table 1. Summary of missing data in the Netherlands Epidemiology of Obesity (NEO) study.

Metabolite Groups

Missing Data Endogenous Unannotated Xenobiotics Total
(n = 840) (n = 296) (n=229) (n = 1365)
Metabolites with missing values, n (%) 367 (43.7) 236 (79.7) 197 (86.0) 800 (58.6)

Missing metabolites per observation,

57 (23-94 1-112 11 -1 228 (152—
median (range) ( ) 59 (3 ) 0 (79-149) 8 (152-343)

In the NEO study, 1365 metabolites were measured in 599 individuals (observations).

We plotted the distribution of missing values in each metabolite group (Figure 1). The distri-
bution of the number of missing values of the unannotated metabolites was similar to that of
the endogenous metabolites rather than the xenobiotic metabolites. This suggests that most
unannotated metabolites are most likely from an endogenous source, similar to the annotated
endogenous metabolites, and are most likely expected to be present in all our participants.
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Figure 1. Distribution of the missing values in each metabolite group.
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The Pearson’s pairwise-complete correlation matrix for the endogenous and unannotated metab-
olites was calculated using all the metabolites (complete with no missing values and incomplete).
For each incomplete metabolite we selected up to 10 complete metabolites with the highest
absolute Pearson’s correlation (auxiliary metabolites). If the metabolite was not correlated with
10 metabolites (due to high missingness), then we selected the available correlated metabolites.
We then calculated the mean value of the Pearson’s correlations for these metabolites. Figure 2
shows the distribution of the mean of the auxiliary absolute correlations with further details in
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The 82% of the incomplete metabolites had a mean absolute Pearson’s correlation coefficient
lower than 0.5 with their auxiliary metabolites. Overall, the median of the median absolute
Pearson’s correlation coefficient was 0.4 (0.09-0.89), indicating a generally low intercorrelation
between the metabolites.

Figure 2. Distribution of the mean absolute correlations for the complete (without missing values) and
incomplete (with missing values) endogenous and unannotated metabolites in the NEO dataset.
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3.2 Availability

The imputation script [13] streamlines the workflow by calculating the correlation matrix,
selecting the auxiliary metabolites, and imputing the missing values of the metabolites
using the provided data from the user. The script requires a dataset, a list of xenobiotic and
non-xenobiotic metabolites (endogenous/unannotated), and a choice for the method of
imputation (MICE-pmm or kNN-obs-sel). The script and example files can be found at:
https://github.com/tofaquih/imputation_of untargeted_metabolites.

3.3 Performance Evaluation

To evaluate our imputation framework, we applied it to impute metabolites with missing
values in the measured NEO dataset (n = 599) using kNN-obs-sel and MICE-pmm. All metabo-
lites were imputed apart from 12 metabolites (3 endogenous, 9 unannotated) in the dataset
that had >90% missingness and were subsequently treated as xenobiotic and imputed to O.
As mentioned in the methods section, extremely high missingness limits the amount of data
needed to impute the metabolites and to find auxiliary metabolites. High missingness in the
3 endogenous metabolites could have been caused by technical or biological issues, or they
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could represent misannotated xenobiotic metabolites. The 9 unannotated metabolites were
likely xenobiotic metabolites.

Simulations were performed to compare the performance of the imputation method (MICE- pmm
or kNN-obs-sel). As detailed in the Methods section, we generated 144 resampling simulation
scenarios, using four metabolites from independent pathways and varying mean correlations
with auxiliary metabolites (PC(32:2) (mean absolute correlation = 0.64), urate (mean absolute
correlation = 0.49), glutamate (mean absolute correlation = 0.49), succinylcarnitine (mean
absolute correlation =0.36)), three sample sizes (50, 150, 599), three percentage of missing (15%,
30%, 60%), and two missing mechanisms missing mechanisms (missing completely at random
(MCAR) and probabilistic limit of detection (PLoD)). The percentage biases from the simulation
are presented in Figure 3 and Table 2. Root mean squared errors (RMSE) are shown in Figure 4,
Table B5, and Table B6. The mean and standard deviation of the estimates from the simulation
are provided in Table B3 and Table B4 using MCAR and PLoD mechanisms, respectively. We used
nested loop plots [14] to produce all the figures.

Figure 3. Nested loop plot of the percentage bias of the four metabolites from the simulation. The horizontal
axis in each box represents the missing percentage and is split per sample size. Abbreviations: MCAR: missing
completely at random; PLoD: probabilistic limit of detection.
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Figure 4. Nested loop plot of the root mean squared error (RMSE) of the four metabolites from the simulation.

To simplify comparability in the plot we converted the RMSE values to a percentage by subtracting then dividing

the RMSE values by the corresponding true estimates (in sample size n = 599). The horizonal axis in each box

represents the missing percentage and is split per sample size. Abbreviations: MCAR: missing completely at

random; PLoD: probabilistic limit of detection.
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3.3.1 Sample Size

We observed a decrease of bias and RMSE as the sample size increased (Figures 3 and 4). This
trend was consistent for MICE-pmm for each metabolite, with the percentage bias median
(range):

8.2(0.3-87.4) in n=50 decreasing to median (range): 0.8 (0.1-9.7) in n=599. However, increasing
sample size did not improve imputation with kNN-obs-sel. Overall, percentage bias was median
(range): 4.7 (0.2-66.1) in n = 50, median (range): 5.7 (0.5-72.7) in n = 150, and median (range):
5.2 (0.1- 54.3). Furthermore, in some scenarios, bias and RMSE increased in larger sample sizes
even with the same missing percentage and missing mechanism; this was particularly noticeable
for succinylcarnitine (mean absolute correlation = 0.36) where the percentage bias increased in
60% missing from 8.3% in n = 50, to 46.1% in n = 150, and 54.3% in n = 599. Finally, for sample
sizes of n =50 and 150, MICE-pmm had lower bias than kNN-obs-sel but a RMSE higher or similar
to kNN-obs- sel.

3.3.2 Percentage of Missing

In scenarios with 15% and 30% missing, MICE-pmm and kNN-obs-sel showed low bias and RMSE
across all sample sizes. At 15% missing, MICE-pmm had a percentage bias of median (range):

0.7 (0.1-12.7), while kNN-obs-sel had a percentage bias of median (range): 1.9 (0.1-13.8). At 30%
missing, MICE-pmm had a percentage bias of median (range): 2.0 (0.1-26.2) and kNN-obs-sel
had a percentage bias of median (range): 4.4 (1.1-31.9). Finally, in 60% missing MICE-pmm had
a percentage bias of median (range): 7.8 (0.1-87.4) and kNN-obs-sel had a percentage bias of
median (range): 14.7 (1.9-72.7). Overall, MICE-pmm had lower bias in all missing percentages
than kNN-obs- sel. However, the percentage bias for kNN-obs-sel was often lower than that of
MICE-pmm at 30% and 60% missing in n = 50.

3.3.3 Correlation Strength with the Auxiliary Metabolites

We compared the percentage bias and RMSE of both imputation methods for the four metabo-
lites to assess the influence of correlation strength of the auxiliary metabolites as shown in Tables
2 and B2 and Figures 3 and 4. We observed that availability of auxiliary metabolites with higher
correlation for the imputation greatly reduced the bias and RMSE in both methods. In PC(32:2),
the metabolite with the highest mean correlation (mean absolute correlation = 0.64), had the
lowest bias overall. Percentage bias was median (range): 1.9 (0.2-19.5) with the MICE-pmm
imputation and median (range): 2.3 (0.1-14.5) with kNN-obs-sel imputation. Glutamate (mean
absolute correlation = 0.49) had median (range): 2.1 (0.1-40.2) percentage bias with MICE-pmm
imputation and median (range): 2.7 (0.2-15.1) with kNN-obs-sel. Similarly, imputation of
urate (mean absolute correlation = 0.49) using MICE-pmm had median (range): 3.8 (0.1-87.4)
percentage biasand median (range): 6.2 (0.5-66.1) using kNN-obs-sel. In contrast, the percentage
bias was much higher for the metabolite with the lowest mean correlation, Succinylcarnitine
(mean absolute correlation = 0.36), with median (range): 2.6 (0.1-34.8) percentage bias using
MICE-pmm imputation and median (range): 15.5 (1.8-72.7) with kNN-obs-sel. Moreover, the
bias reached very high percentages in urate and succinylcarnitine compared to PC(32:2) and
glutamate in the n = 50 subset.
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3.3.4 Missing Mechanisms

We used two mechanisms for missingness, MCAR and PLoD, in our simulations. Since PLoD is
fundamentally missing not at random (MNAR), causing lower concentrations to have a higher
likelihood of missingness, we examined how PLoD affects the performance of MICE-pmm and kNN-
obs-sel compared to MCAR scenarios. MCAR scenarios had a percentage bias median (range):
1.9 (0.1-40.2) with MICE-pmm imputation and median (range): 5.3 (0.2—72.7) with kNN-obs-sel.
PLoD scenarios had a percentage bias median (range): 3.2 (~0-87.4) with MICE-pmm imputation
and median (range): 4.3 (0.1-66.1) with kNN-obs-sel. However, the RMSE (Figure 4, Tables B5
and B6) was lower in PLoD for MICE-pmm (median (range): 11.1 (1.8-79)) than in MCAR (median
(range):

14.3 (2.0-78.0)) and similarly lower for kNN-obs-sel in PLoD scenarios (median (range): 12.1
(2.1-70.3)) than MCAR (median (range): 16.5 (2.6—103.9)). Overall, imputing in PLoD scenarios
lead to higher bias but lower RMSE compared to MCAR.

4 DISCUSSION

Several simulation studies have evaluated different imputation methods for missing data in
metabolomic datasets [3,6,9,15,16]. Nevertheless, the “half the minimum” method of imputation
remains in use despite studies showing its sub-optimal performance [3,6,9,15,16]. In this study,
we followed up on previous work and provided a framework and complementary R script on
GitHub

[13] that streamlines the imputation of untargeted metabolomics data. The script provides
univariate imputation of zero for missing values considered to be truly absent in xenobiotics and
two options of multivariate imputation methods for the remaining metabolites.

Overall, for the four metabolites we used in the simulation, we observed several factors that
influenced the performance of each imputation method with different degrees. In the four
metabolites we used, MICE-pmm performed better overall across different simulated scenarios.
This performance is especially better in PLoD, which represents a missing mechanism similar
to that of real metabolomics data [6]. MICE-pmm performance decreased the most in smaller
sample sizes, somewhat less by the metabolite auxiliary correlation and the least by the missing
percentage. Interestingly, the negative effect of missing percentage diminished as the sample size
increased (n =150 and n =599). On the other hand, unlike MICE-pmm, kNN-obs-sel performance
was decreased most by a higher percentage of missingness and low metabolite auxiliary corre-
lation, which was not improved by increased sample size. A possible explanation is the nature
of the kNN-obs-sel method. kNN-obs-sel focused on finding the nearest neighbors based on the
correlated metabolites. If it failed to find strongly correlated metabolites, due to the metab-
olite naturally a having low correlation or due to a large amount of missing values, it selected
weak neighbors. Therefore, even at larger sample sizes (150 and 599) the performance of the
kNN-obs-sel method remained poor if the missing percentage was large and the metabolite had
poor correlation.

4.1 Advantages and Disadvantages of MICE-pmm for Metabolomics

Unlike kNN imputations, we found few papers in the literature regarding the use of MICE
imputation for metabolomics. The MICE-pmm imputation is a more intricate method for gener-
ating the imputation values. First, the imputation is repeated multiple times in order to assess the
uncertainty of the imputation and provide standard errors of the estimates. Second, MICE-pmm
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imputation is more compatible with both normally distributed and skewed metabolites than kNN
[10]. Third, MICE imputation utilizes discrete and continues variables for imputation. Therefore,
MICE-pmm can include additional biologically relevant predictors and the outcome of the analysis
of interest, improving the quality of the imputation [17]. These features explain the robustness
of MICE-pmm in situations with low correlated auxiliary variables and high missingness.

However, MICE-pmm has some disadvantages. First, small sample sizes negatively affected the
performance of MICE-pmm because this forces duplication and reuse of the same individuals
[10]. Second, MICE imputation may require more computational run time and is somewhat
more complicated to use than kNN because multiple imputed datasets are generated that require
a pooling step for the analysis. We shortened computational time by using the latest MICE R
package and by setting the number of multiple imputations to 5, which has been shown to be a
suitable number of imputations [10]. This caused the running time for the complete imputation
using MICE-pmm to be equal to that of kNN-obs-sel for the NEO dataset (n =599). Furthermore, to
test the speed of the script, we duplicated and stacked the NEO dataset to create larger datasets
(n =5400 and n = 20,000); MICE- pmm completed the imputations faster than kNN-obs-sel (Table
B7). Third, with MICE-pmm it is not possible to apply further analysis such as lasso regression
or random forest, which are common analysis methods used in metabolomics [7,18,19]. This
is because MICE-pmm uses multiple datasets with Rubin’s Rules to pool the estimates of the
analysis per dataset. One solution is to use the kNN- obs-sel method, as it always creates a single
dataset for analysis. A second alternative would be to use MICE-pmm with a single imputation
[m = 1], which can be specified in our script, and use that single dataset in the multivariate
analysis. It should be noted that MICE-pmm with m = 1 still performed better than kNN-obs-sel
for the larger sample sizes (see Tables B2 and B6 and Figures B1 and B2).

4.2 Limitations

Several methodological issues should be considered. Firstly, our evaluation was done using 599
samples, limited by available metabolomics data in the NEO study. Although this number is not
particularly small, future research should be performed in larger datasets. Secondly, we assumed
that all missing xenobiotics values are truly missing and replaced them by zero. This could be
explored further by incorporating MICE-pmm or kNN-obs-sel to specifically impute xenobiotic
metabolites from the same medication sources in persons taking the medication. Furthermore, it
could be possible to use questionnaire and clinical data as imputation predictors in MICE-pmm to
impute related xenobiotic metabolites. Thirdly, we did not explore alternative methods for MICE
to handle small data sizes, such as regulation and penalization. Fourth, our simulation did not
evaluate the variance estimators such as type-l and type-Il errors or confidence interval coverage.
Fifth, metabolites with very large missingness will have high bias and error in the imputation
and should be interpreted with caution. Finally, the data do not provide the explicit cause of the
missing values and, therefore, we could only assume if the values were truly missing, missing
completely at random, or missing due to other reasons. Future studies which explore the causes
of missingness will also allow us to impute the missingness more effectively.
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5 MATERIALS AND METHODS

5.1 Population Characteristics

The resampling simulation analyses were performed in the NEO study. This study has been
extensively described elsewhere [20] and in Appendix A. The NEO study was accepted by the
Medical Ethics committee of the Leiden University Medical Center under protocol P08.109. The
study is also registered at clinicaltrials.gov under number NL21981.058.08 / P08.109. All partic-
ipants gave written informed consent [20]. Fasting state serum samples from a sub-population
(n =599) of the NEO study were sent for untargeted metabolomics measurements at Metabolon
Inc. (Durham, NC, USA) using their Metabolon™ Discovery HD4 platform. In brief, this process
involves four independent ultra-high-performance liquid chromatography mass spectrometry
(UHPLC-MS/MS) platforms [21,22]. Two platforms used positive ionization reverse phase chroma-
tography, one used negative ionization reverse phase chromatography, and one used hydrophilic
interaction liquid chromatography (HILIC) negative ionization [22]. In total, 1365 serum metab-
olites were measured which included 840 endogenous, 296 unannotated, and 229 xenobiotic
metabolites.

5.2 Imputation Methods

Following our examination of the missing data distribution in the NEO study (Figure 2), we
decided the xenobiotic metabolites and non-xenobiotic metabolites (endogenous/unanno-
tated) with different imputations. For xenobiotic metabolites, we assumed missing values are
truly missing values. For example, when a medication metabolite concentration is missing, it is
most likely that the participant is not taking the medication. Therefore, we decided to impute
xenobiotic metabolites to zero, as imputing the values (with MICE, kNN, or half-min) would
cause bias due to skewed distribution and false positives. For the non-xenobiotic metabolites
(endogenous/unannotated), the missing pattern suggests that the unannotated metabolites are
most likely endogenous. Therefore, we decided to impute the endogenous and the unanno-
tated metabolites as a single group using the multivariate imputation methods of MICE-pmm
and kNN-obs-sel. For these two multivariate methods, we first estimated a correlation matrix
for all applicable/non-xenobiotic metabolites from which to select 10 auxiliary metabolites to be
used for imputation.

For non-xenobiotic metabolites, we assumed that they are metabolites with truly missing values
only if less than 90% of values were missing. This cut-off was necessary for multiple reasons:
1) it became nearly impossible to find auxiliary metabolites for imputation, 2) unannotated
metabolites with high missing values are likely xenobiotic and therefore most likely truly missing,
and 3) it became statistically problematic to perform multivariate imputation with such high
missingness— particularly in small sample sizes [23].

In this study, we used MICE-pmm with 10 auxiliary metabolites to impute the missing values
and generated 5 imputed datasets (m = 5). In addition to the auxiliary metabolites, we included
further predictors by adding the clinical variables for the outcome (BMI) and the covariates (age
and sex) used in the analysis model for the MICE-pmm imputation. The addition of these variables
is required in MICE imputations to avoid bias in the results [23,24]. We used kNN-obs-sel only with
10 auxiliary metabolites to impute the missing values. Details regarding the imputation methods
are provided in Appendix A. In our script, we incorporated the R package mice version 3.6.0
[10] for the MICE-pmm imputations and the package VIM version 4.8.0 [25] in the kNN-obs-sel
imputations.
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5.3 Evaluation Analysis and Missing Value Simulation

For the simulation, the analysis of interest was an ordinary least squares regression model with
body mass index (BMI) as the outcome and age, sex, and a selected metabolite as the exposures.
For the purpose of our study, BMI was used as the outcome for two reasons: (1) BMl is a variable
that was measured in all our participants, and (2) BMI is strongly associated with many metabo-
lites and commonly studied in metabolomics [26].

Four metabolites were used, selected based on the following criteria: (1) the metabolite had no
missing values in the original NEO dataset, (2) the metabolite must have a strong association
with BMI in our Metabolon™ data as well as in the literature using Metabolon™ [26], (3) the
four metabolites must be from different biological pathways, and (4) the metabolites must have
different mean correlations with their auxiliary metabolites. We found 6 out of 473 complete
endogenous metabolites in NEO that fulfilled these criteria. We then narrowed the selection to
one metabolite per pathway. Accordingly, we selected four metabolites: PC(32:2) (mean absolute
correlation 0.64) from the lipid super pathway; succinylcarnitine (mean absolute correlation =
0.36) from the energy super pathway, the nucleotide urate (mean absolute correlation 0.49), and
the amino acid glutamate (mean absolute correlation 0.49). Information regarding the metabo-
lites is provided in Table 3.

Table 3
Metabolite Full Mean Absolute Super Estimate Estimate Estimate n
) Sub Pathway
Name Correlation Pathway n =599 n=150 =50
PC(32:2) 0.64 Lipid Plasmalogen -4.18 x10”7  -3.64x107 -4.38x107
Puri
Urate 0.49 Nucleotide unine 139x10°  958x10°  9.69 x 10°
Metabolism
) . Glutamate
Glutamate 0.49 Amino Acid ) 1.83 x 107 2.89 x 108 1.66 x 10-®
Metabolism
Succinylcarnitine 0.36 Energy TCA Cycle 2.84 x 10° 1.53 x 10° 4.53 x 10

Abbreviations. Mean absolute correlation: mean of the 10 absolute Pearson’s correlations from the metabolite
correlation matrix. Estimate is the regression coefficient from the model

BMlI~age + sex + metabolite. Therefore, the estimates are the mean increase in BMI per 1 unit increase of the
metabolite.

We compared the performance of the two imputation methods by simulating missing values
using the NEO dataset (n = 599). All simulations were performed on three datasets: the original
dataset of 599 participants, and on two randomly sampled sub datasets of size n =150 and n =50.
The distribution of age, sex, and BMI was maintained in the sub datasets of 50 and 150 individuals.
We used the same sub datasets for the all corresponding simulation scenarios. Generating the
subsets with different random sampling did not change the estimates drastically (not shown). It
should bepointed out that the selected auxiliary metabolites differed slightly between the sub
datasets. Metabolite levels were log transformed and standardized (mean of 0 and variance of
1). We calculated the estimates for each metabolite in the complete datasets separately to be
used later for the bias and RMSE calculations. In the different simulation scenarios, we induced
different percentages of missingness (15, 30, and 60%), and under two different mechanisms,
MCAR and PLoD. In the PLoD missing scenarios, the odds of a value being missing increased as
the concentration decreases. The total number of missing values was divided per quantile of the
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metabolite as follows: 40% into the lower quantile, 50% into the middle quantile, and 10% in the
upper quantile.

The evaluation was done by (1) performing the linear regression analysis and obtaining the
estimate of the regression coefficient using the complete metabolites data in each subset (Table
3), (2) simulating missing values, (3) imputing missing values using the two imputation methods,
(4) estimating the regression coefficient using the imputed data, and (5) evaluating the difference
between the estimate of the complete data for that subset and the estimate using the imputed
methods, (6) repeating step 2 to 5 1000 times per simulation scenario. The performance of the
imputation methods was evaluated using the following measures: raw bias, which is the difference
between the real estimate and the mean of the simulations estimates, which can be a positive
or a negative value; percentage bias, which is the raw bias divided by real estimate for easier
interpretation and comparison [27]; the RMSE, which is the square root of the mean squared
difference between estimated; and true value, this measure combines the bias and variance of
the simulated estimates into a single measure and represents the precision of the method [28]
(Appendix A).

Thus, in total, we used three datasets (n = 50, 150, 599), four metabolites (PC(32:2), succi-
nylcarnitine, urate, glutamate), three missingness percentages (15%, 30%, 60%), two missing
mechanisms (MCAR and PLoD), and evaluation by two imputation methods (kNN-obs-sel and
MICE-pmm) for a total of 144 possible scenarios. Each of these scenarios was repeated 1000
times.

5.4 Imputation Workflow

To simplify the procedure of imputing missing data, we wrote an R script that calculates the
correlation matrix between the different metabolites, selects the auxiliary metabolites with the
largest correlation, imputes the xenobiotic metabolites with univariate imputation, and imputes
the endogenous metabolites with a multivariate imputation (either kNN-obs-sel or MICE-pmm),
which can be found on our GitHub repository [13].

6 CONCLUSIONS

In conclusion, we provided a workflow for handling missing values in untargeted metabolomics
data using univariate imputation for xenobiotics and multivariate imputation using MICE-pmm
or kNN-obs-sel for endogenous and unannotated metabolites. We further evaluated MICE-pmm
and kNN-obs-sel in different simulated scenarios. Our evaluation showed that the performance
of both methods is affected by three different factors, namely the metabolite mean correlation
with auxiliary metabolites, the sample size, and the missing percentage. For MICE-pmm, sample
size was the primary factor affecting bias and error inversely. For kNN-obs-sel, the primary factor
affecting bias and RMSE was the metabolite correlation with the predictors, which, when high,
can provide low bias and RMSE even in small sample sizes (n = 50). Since most of our metabolites
had low mean correlation, MICE-pmm provided consistently higher performance measures than
kNN-obs-sel and, as a result, we suggest using MICE-pmm imputation for untargeted metabo-
lomics, particularly for larger datasets (n > 50).
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7 APPENDIXA
Al. NEO Study Design

The Netherlands Epidemiology of Obesity (NEO) study is a population-based, prospective
cohort study of individuals aged 45-65 years, with an oversampling of overweight individuals or
individuals with obesity. Men and women aged between 45 and 65 years with a self-reported BMI
of 27 kg/m2 or higher, living in the greater area of Leiden (in the West of the Netherlands) were
eligible to participate in the NEO study. In addition, all inhabitants aged between 45 and 65 years
from one municipality (Leiderdorp) were invited, irrespective of their BMI. Recruitment of partic-
ipants started in September 2008 and was completed at the end of September 2012. In total,
6671participants were included, of whom 5217 had a BMI of 27 kg/m2 or higher. The NEO study
was accepted by the Medical Ethics committee of the Leiden University Medical Center under
protocol P08.109. The study is also registered at clinicaltrials.gov under number NL21981.058.08
/ P08.109. All participants gave written informed consent. Participants were invited to come to
the NEO study center of the LUMC for one baseline study visit after an overnight fast. A blood
sample of 108 mL was taken from the participants after an overnight fast of at least 10 h [20].
Fromthe Leiderdorp subpopulation (n=1671) we selected 599 Caucasian individuals with normal
BMI distribution and sent their serum samples for metabolomics analysis using the Metabolon
platform and for examination in this paper.
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Al.1. Evaluation Measures

In addition to using bias and RMSE we also converted these measures to percentages. This was
necessary because the estimates of the analysis model of the metabolites in complete NEO
dataset varied in magnitude and scale. For example, in sample size n = 599, the estimate for
urate was 1.39 x 10-8 and for succinylcarnitine was 2.84 x 10-6 (full details in Table 3 of the
main manuscript). Percentage bias was calculated by dividing the bias in each sample size set
by the estimate calculated for the respective sample size. RMSE percentage was calculated by
subtracting then dividing all scenarios for each metabolite by the corresponding true coefficient
in sample size n = 599 and multiplying by 100.

A1l.2. Imputation Methods

The first step in our workflow was creating a correlation matrix for the metabolites in the dataset.
For each metabolite with missing values (X), we selected the ten metabolites without missing
values with the strongest absolute correlation |r| to X from the correlation matrix. Our metab-
olomics dataset was generated on the latest measuring platform which greatly expanded the
number of metabolites but reduced the overall intercorrelation of the data. This reduction of the
intercorrelation is partly explained by the inclusion of remote metabolites in smaller pathways.

In standard kNN, distances are used to select closest neighbors to the observation with missing
values. In kNN-obs-sel, for each metabolite we used up to 10 auxiliary metabolites as predictors
and imputed the missing values by taking the average of the 10 nearest neighbors (K = 10)
observations.Multiple imputation using chained equations (MICE) is used for incomplete data
in multiple variables and may use discrete, categorical, and continuous variables of different
units for the imputation [29]. When using the option predicted mean matching, it yields several
different datasets with imputed values obtained from observed cases. The analysis of interest
is then performed on each of the imputed datasets separately and the results are pooled after-
wards as described by White et al., (2010) [23] and other articles [29-31]. Given that kNN-obs-sel
calculates the mean from the auxiliary variables, it was only possible to use metabolites (with
the same units and scale) for the imputation. In contrast, we used clinical variables sex and age in
addition to the auxiliary metabolites as predictors. Furthermore, the outcome, BMI, was added
as well. Adding the outcome and the covariates is essential in MICE imputations to avoid bias
and underestimation in the imputation results as shown in simulation studies [24] and discussed
in several sources [17,23]. Adding the clinical variables and the outcome in our study was an
additional step that was not used in the simulation study by Do et al. [6].
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1 ABSTRACT

Chronological age is a major risk factor for numerous diseases. However, the biological aging
process is complex and often does not align with chronological age. Metabolite levels are thought
to reflect the integrated effects of both genetic and environmental factors, including age, and
thus may provide a signature for biological age. Here, we set out to develop a rigorous metab-
olomic age prediction model by applying ridge regression and bootstrapping with 826 metabo-
lites (of which 678 endogenous and 148 xenobiotic) measured in 11977 individuals (age range:
18-75 years old) from the INTERVAL study (Cambridge, UK). Subsequently, the metabolomic age
prediction model was applied in the Netherlands Epidemiology of Obesity Study (NEO) (n=599)
to quantify the difference between metabolomic and chronological age (A age). We assessed
the influence of cardiovascular disease (CVD), hypertension, type 2 diabetes, obesity/body mass
index (BMI), depression, and sleep duration on the A age. The metabolomic age models using
both endogenous and xenobiotic metabolites demonstrated high correlation with chronological
age (R*=0.82). In NEO, CVD associated with increased A age by approximately 12 years and
obese BMI (45kg/m?) associated with increased A age by approximately 8.5 years, respectively.
In summary, we developed robust models for predicting metabolomic age in a large relatively
healthy population with a wide age range. We further demonstrated that A age can potentially
reflect the effects of CVD and obesity/BMI in the NEO study.
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2 INTRODUCTION

Chronological age is a major risk factor for a multitude of diseases (1, 2). The biology of aging
is a complex and multifactorial process that is influenced by lifestyle and environmental factors
(3-5). However, it is evident that the rate of aging varies between individuals, wherein some
individuals are able to live to an older chronological age without age-related diseases and
disability compared with individuals in the same age group (3).This suggests that chronological
age does not fully align with the biological aging process. Thus, several studies aimed to capture
the signature of biological changes due to aging by predicting age using biological factors. Such
studies used DNA methylation (6) and proteins (7).

Metabolomic profiling aims to identify small molecules that are mostly substrates and products
of cell metabolism (metabolites). The number of metabolomics studies has increased in recent
years due to major technological advances and availability of commercial and noncommercial
analyses platforms. In addition, the current platforms have improved capability to detect and
quantify large numbers of endogenous and xenobiotic metabolites. Since individual metab-
olomic profiles reflect the influences of both genetic and acquired factors, they are thought
to provide a holistic representation of biological processes, such as aging (8, 9). Furthermore,
metabolomic profiles are strongly affected by chronological age (4, 10) and sex (11, 12), they
have been used to develop prediction models of chronological age (i.e., the metabolomic age)
(13-16). However, predicting metabolomic age using metabolomics had limited success or faced
methodological limitations due to several reasons. First, some studies used an insufficiently small
sample size to predict age using hundreds or even thousands of metabolite predictors (10, 17).
The inclusion of larger number of predictors than the sample often causes large overfitting and
bias in such models. Second, studies can be limited by the age distribution of the cohort study.
This restricts the model to a specific age range which affects the generalizability of the model
in other studies and other age groups (10). Third, lack of generalizability can also be caused if
the model was developed in cohorts with an oversampling of individuals with specific disease
outcomes or a specific population (7, 13). Fourth, even when the previous considerations are
addressed, oversimplified statistical methodology and application can lead to a flawed, biased,
and an overfitted model—such as the case with stepwise selection models(18). Finally, the
model’s validity and generalizability are seldom examined in external studies or different popula-
tions via external validation (19-21).

In this study, we aimed to develop a model to predict metabolomic age in a large healthy
population with a widespread age range, using a single untargeted metabolomics platform.
To attain this goal, we developed a prediction model using data from the INTERVAL study (22)
(University of Cambridge, Cambridge, UK). Metabolomic profiles were available in 11977 partic-
ipants as measured using Metabolon’s (Durham, North Carolina, USA) untargeted metabo-
lomics platform. These measurements included a broad range of endogenous and xenobiotic
metabolites (n=1,363) from various biochemical pathways, thereby enabling the capture of
metabolites related to a vast range of ageing effects. The model was subsequently applied to
the Netherlands Epidemiology of Obesity Study (NEO) (n=599) to determine the effects of six
health-related phenotypes associated with aging (23, 24): cardiovascular disease, hypertension,
type 2 diabetes, obesity and body weight, depression, and sleep duration on the difference
between metabolomic age and chronological age (14, 15).
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3 METHODS

3.1 INTERVAL Study

The INTERVAL study is a prospective cohort study of approximately 50,000 participants nested
within a pragmatic randomized sample of blood donors (22). Between 2012 and 2014, blood
donors, aged 18 years and older, were consented and recruited from 25 National Health Service
Blood and Transplant (NHSBT) static donor centers across the UK. Individuals with major disease
(myocardial infarction, stroke, cancer etc.) as well as those who reported being unwell or having
had recent illness or infection or did not fulfill the other criteria required for blood donation (22,
25) were ineligible for the study. Therefore, participants included in the study were predominantly
healthy. Participants completed online questionnaires addressing basic lifestyle and health-related
information, including self-reported height and weight, ethnicity, current smoking status, alcohol
consumption, doctor-diagnosed anemia, use of medications (hormone replacement therapy, iron
supplements) and menopausal status (22). Untargeted metabolomic data were available in 11979
individuals (age range 18 - 75). Two individuals had incorrect or missing height/weight values and
were therefore excluded from the study. Thus, the final sample size for the current study was 11977.

3.2 Untargeted metabolomic measurements

Untargeted metabolomic measurements were quantified at Metabolon Inc. (Durham, North
Carolina, USA) using Metabolon™ Discovery HD4 platform. In brief, this process involves four
independent ultra-high-performance liquid chromatography mass spectrometry (UHPLC-MS/
MS) platforms (26, 27). Two using positive ionization reverse phase chromatography, one using
negative ionization reverse phase chromatography, and one using hydrophilic interaction liquid
chromatography negative ionization (27). Known metabolites were annotated at Metabolon Inc.
with chemical names, super pathways, sub pathways, biochemical properties, and compound
identifiers from various metabolite databases. Metabolomic measurements in the INTERVAL
study were conducted in three batches (n=4087, 4566, and 3326). Subsequent harmonization
and quality checks were performed between the batches by Metabolon. All metabolite measure-
ments were scaled to a median of 1.

3.3 Selection of Predictors

We aimed to select metabolites consistently and reliably measured by the Metabolon platform.
In total 1411 metabolites were measured in the INTERVAL study. First, we removed metabolites
completely missing in at least one of the batches (n=175). Second, we excluded metabolites
without annotation/unnamed (n=258), keeping only endogenous and xenobiotic metabolites.
These metabolites were excluded as they are inconsistently measured by the platform and are
highly variable between batches and studies. Moreover, the lack of full annotation increases
the uncertainty that we are using the same metabolite across batches and studies and leaves
no secondary information for further verification. Third, we excluded metabolites measured in
less than 100 individuals (n=30). Fourth, we excluded metabolites that were not measured in the
NEO study (n=122). The final set of metabolites included 826 metabolites, with 678 endogenous
and 148 xenobiotic metabolites (Figure 1).

3.4 Missing value imputation

Missing values were imputed using the pipeline as described in our previous work (28). In brief,
endogenous metabolites were imputed by multiple imputation using chained equations method
to generate five imputed datasets (m=5). For each metabolite with missing values, we used the
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outcome variable (i.e., age), 5-10 highly correlated related metabolites, body mass index (BMI),
center number where the blood samples were collected, and the batch number to impute the
missing values. Xenobiotic metabolites were imputed to zero to account for true missingness.

3.5 Model Development

For the development of the model, we used ridge regression (29) to reduce potential overfitting.
Cross validation was performed (n=10) in each imputed dataset to calculate the optimal shrinkage
term (lambda). Subsequently the mean of the lambda values was used to develop the model on
the stacked imputed datasets (i.e., all 5 datasets combined as one). Accordingly, the weight of
the observations in the stacked dataset was set to 1/m = 1/5 = 0.2 (20). As the outcome (age)
is a continuous variable, we assessed the fit of the model by deriving the R%. As an additional
sensitivity test, we used generalized additive model (GAM) to examine and calculate the R?
for the nonlinear correlation. Internal validation was performed using bootstrapping (b=100).
Bootstrapping results were used for the optimization of R? and the calculation of the mean
squared error (MSE) and the mean absolute error (MAE) of model. Two models were developed
using two sets of the selected metabolite predictors. First, we used the full set of endogenous
and xenobiotic metabolites (n=826) to develop “model A”. Second, we used only the endog-
enous metabolites (n=678) to develop “model B”. As previous studies found that metabolomic
profiles (12, 30) and aging (31-33) are influenced by the sex of individuals, we included sex as an
additional predictor in both models.

3.6 Sample size considerations

The primary database used to create the prediction model was the INTERVAL study (n= 11977)
with 826 predictors. we used the formulas described by Riley et al. (34) to confirm that our
sample size (n) and number of predictor (p) are sufficient to minimize overfitting and provide high
precision. First, we used n and p to check that the calculated Copas global shrinkage factor(35,
36) is above the recommended 0.9 threshold (34). Based on this calculation the estimated
shrinkage factor was 0.95 if the adjusted R? of the model was assumed to be 0.7. Second, we
calculated the sample size required to ensure a small difference between the R? and the adjusted
R? for the development model. Assuming the adjusted R* was 0.7 again and a small desired R?
difference (R?;,=0.025), then the sample size required to achieve this should be at least n=9913.
Third, we checked the sample size required for precise residual standard deviation of the model.
Accordingly, we found the multiplicative margin of error (MMOE) to be less than 10% (MMOE
=1.3%) using our n and p in the INTERVAL study. Finally, we checked the precision of the mean
predicted outcome value (predicted age) of the model. We used n and p for the INTERVAL study
and assumed that predicted age would have a mean of 45 and a variance of 35. Accordingly, the
upper and lower bounds were approximately 45.34 and 44.65 respectively. Thus, the MMOE for
the mean predicted outcome was less 1% (MMOE= 45.34 /45 = 1.007 = 0.7%). Therefore, the
sample size of the INTERVAL study was optimal to minimize overfitting, optimism, and provide a
precise estimation of the residual standard deviation and mean predicted values.

3.7 Metabolomic Age and Health-Related Phenotypes

3.7.1 NEO Study

The Netherlands Epidemiology of Obesity (NEO) study is a population-based, prospective cohort
study of individuals aged 45-65 years, with an oversampling of individuals with overweight or
obesity. Men and women aged between 45 and 65 years with a self-reported BMI of 27 kg/m?
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or higher, living in the greater area of Leiden (in the West of the Netherlands) were eligible to
participate in the NEO study. In addition, all inhabitants aged between 45 and 65 years from
one municipality (Leiderdorp) were invited, irrespective of their BMI. Recruitment of partici-
pants started in September 2008 and completed at the end of September 2012. In total, 6,671
participants have been included. Participants were invited to come to the NEO study center of
the LUMC for one baseline study visit after an overnight fast. A blood sample of 108 mL was
taken from the participants after an overnight fast of at least 10 hours. Untargeted metabo-
lomics measurements are available in the 599 individuals from Leiderdorp sub-population (single
batch). Therefore, only 599 individuals were included in this study. All metabolite measurements
were scaled to a median of 1. Missing values in the metabolites measurements was conducted
using the same method in the INTERVAL study using a single imputation.

3.7.2 Health-Related phenotypes in the NEO study

Several health-related phenotypes, including cardiometabolic risk factors, are associated with
both metabolomic profiles (12, 37) and aging (23, 24). In the NEO study, individual patient
data was available for the following health-related phenotypes: cardiovascular disease (CVD),
type 2 diabetes (T2D), hypertension, BMI, depressive symptoms, and total sleep duration. At
baseline of the NEO study, 21 individuals had self-reported cardiovascular disease, which was
defined as a composite trait composed of myocardial infarction, angina, congestive heart failure,
stroke, and peripheral vascular disease. In addition, 89 individuals had type 2 diabetes, based
on impaired fasting glycaemia (6.1-7.0 mmol/L), fasting plasma glucose higher or equal to 7.0
mmol/L, or self-reported diabetes mellitus 1 or 2 medication. Hypertension was characterized
in 213 individuals, who had systolic blood pressure >=140mmHg or diastolic blood pressure
>=90mmHg. BMI was calculated based on physical examination measurements and 79 partici-
pants had a BMI in the obese range (>35 kg/m?). Depression score (1-84) was derived from the
Inventory of Depressive Symptomatology (IDS) questionnaire. We defined current depression
status as a score of 14 and above (23). Using the IDS questionnaire, 111 participants were charac-
terized as depressed at baseline. Total Sleep duration was derived from self-reported question-
naire; specifically, from the question: “on an average day, how much sleep do you get?”. We
further categorized sleep duration using the 5 percentile to define the shortest sleep duration,
5th to 20 as short, 20t to 80" as medium, 80" to 95™ as long, and 95 and above as the longest
sleep duration. Mean sleep duration was 7 hours of which the majority (71%) reported a total
sleep duration between 6 and 8 while short sleep duration (5.5-6 hours) accounted for 15.9%.

3.7.3 Estimating the Effects of Health-Related Phenotypes on Metabolomic Age

The developed prediction model was applied to derive metabolomic age for 599 individuals in
the NEO study with metabolomics data. To assess the effects of health-related phenotypes on the
difference between metabolomic age and chronological age—henceforth referred to as A age—
with the available 6 health-related phenotypes. For a better interpretation of the BMI effect on the
A age, we centered it on the median healthy BMI range (BMI = 22 kg/m?) as defined by the World
Health Organization(38). We used a simple linear regression analysis for each of the six clinical
phenotypes as exposures separately. The A age was the outcome variable in each analysis.

75



PART | Methodological Challenges in Proteomics and Metabolomics

4 RESULTS

4.1 Population characteristics

Characteristics of the total INTERVAL study population and age subgroups are summarized in
Table 1. In total 11977 individuals were included and had a normal age distribution with a mean
age of 45 years and a range of 18 — 75 years. The number of men and women was approximately
equal (50.2% were men). BMI was largely in the recommended range of 18.5-24.9 kg/m?(38)
with a mean BMI of 22.8 kg/m? and was similar in all age groups.

Characteristics of the NEO study population are summarized in Table 2. The mean age was 56
years and ranged from 45 to 66. Mean BMI was 25.9, slightly over the recommended BMI (38)
and was similar in men and women.

Table 1. Characteristics of the INTERVAL study population.

Total 18 to 25 25 to 35 35 to 45 45 to 55 55 to 65 65 to 75
N 11977 1178 2245 2152 2867 2602 811
Age (years), 45 (18-75)
mean (range)
Men, n (%) 6019 485 965 1042 1560 1480 546
(50.2%) (41.2%) (42.3%) (48.4%) (54.4%) (56.9%) (67.3%)
BMI (kg/m?),  22.8(4.2) 21.3(4.0) 22.0(4.2) 233(44) 235(43) 23.0(3.9) 22.6(3.5)
mean (SD)
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Table 2. Characteristics of the NEO study population.

Total

n
Age (years), mean (range)
Men, n (%)
BMI (kg/m?), mean (SD)
Obesity, n (%)
CVD, n (%)
T2D, n (%)
Hypertension, n (%)
Depression, n (%)
Total Sleep Duration(hours), mean (SD)
Shortest (<5.5), n (%)
Short (5.5 - 6), n (%)
Medium (6 - 8), n (%)
Long (8 - 8.5), n (%)
Longest (>8.5), n (%)

599
56 (45-65)
284 (47.7)
25.9 (4.0)
79 (13.2)
21 (3.5)
89 (14.9)
213 (35.6)
111 (19)
7(0.98)
40 (6.7)
95 (15.9)
425 (71.0)
16 (27)
21(3.5)

4.2 Metabolomic Age Prediction

Prediction models A (endogenous plus xenobiotic metabolites) and B (endogenous metabolites
only) were developed in the INTERVAL study using ridge regression. The workflow including
metabolite selection, missing value imputation, and analyses are summarized in Figure 1.
Internal validation using bootstrapping (b=100) and optimization provided an R? of 0.83 (MSE=31,
MAE=4.4) for model A, and 0.82 (MSE=33.7, MAE=4.6) for model B. GAM R? was slightly higher
for both models, 0.85 for model A and 0.84 for model B (Figure 2, Supplementary Table 1). Full
tables with the intercept, sex, and metabolite coefficients for model A and B are provided in
supplementary Table 2. This table also contains the mean values for the metabolites from the

INTERVAL study.

77



PART | Methodological Challenges in Proteomics and Metabolomics

Figure 1: Flowchart of the selection of predictor metabolites and the development steps for the metabolomic
age prediction model in the INTERVAL study
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Figure 2: Correlation plots of the Metabolomic age (predicted age) on the horizontal axis and the chronological
age on the vertical axis for model A (A) and model B (B). The data used is the stacked imputed datasets in the
INTERVAL study. Abbreviations: GAM, generalized additive model.
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4.3 Chronological age versus Metabolomic Age

The coefficient estimates from model A and B from the INTERVAL study were subsequently
applied to the NEO data to predict metabolomic age. We first performed calibration in the large
in the NEO data to readjust the intercept (model A from 51.97 to 50.83; model B from 51.85
to 49.59). Subsequently, the effect of the phenotypes CVD, BMl/obesity, T2D, hypertension,
depression, and total sleep duration on A age were assessed, for both model A and model B.
First, we plotted A age against chronological age and highlighted individuals with each respective
phenotype for model A and model B (Figure 3 A-F; and Figure 4 A-F). Overall, model A showed
higher variance in A age (06=170) compared with model B (6=84.1), notably for individuals with
a negative health trait (i.e., with CVD or depression etc.).
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Figure 3: Scatter plot representing the age difference (A age)—as predicted using model A—on the y-axis and

chronological age on the x-axis in the NEO study. Each subplot highlights individuals with specific phenotypes.
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Figure 4: Scatter plot representing the age difference (A age)—as predicted using model B—on the y-axis and
chronological age on the x-axis in the NEO study. Each subplot highlights individuals with specific phenotypes.
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Second, we assessed the effects of the health-related phenotypes on the A age using linear
regression. These results are shown in Figure 5 and Supplementary Table 3. In both models, BMI
was associated with an increase of A age (beta [95% confidence intervals (Cl)]: model A = 0.37
[0.1 — 0.64]; model B = 0.25 [0.06 — 0.43] years/ kg/m2). Obesity was also associated with an
increase of A age but with wide Cl in both models (model A = 3.31 [0.14 — 6.49]; model B = 1.89
[-0.27 — 4.06]). Thereafter, using the estimates from models A and B, we calculated the age at
BMl’s 22, 25, 35, and 45 kg/m?2 (Figure 6). Overall, model A showed higher A age estimations at
all BMl levels. At 35 kg/m?2, the projected A age increased by 3.7 and 2.4 years in models A and B,
respectively, as compared with 25 kg/m2. Whereas at BMI of 45 kg/m2, the projected A age rose
by 8.5 and 5.6 years in models A and B, respectively, compared with BMI of 25 kg/m2.

CVD was strongly associated with an increased A age in model A (12.13 years [6.34 —17.92]) but
not model B (-0.89 years [-4.89 — 3.09]). No associations were found in either models for T2D,
hypertension, depression, or total sleep duration.

Figure 5: A forest plot of estimates of phenotypes with the A age using model A (A) and model B (B).
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Figure 6: Predicted A age at 22,25,35, and 45 kg/m2 based on the estimates from model A and model B of BMI in
the NEO study
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5 DISCUSSION

In this study, we developed a prediction model for metabolomic age based on metabolite
measurements, including a wide range of endogenous and xenobiotic metabolites belonging to
a variety of biochemical pathways. The metabolomic measurements were performed in a single
study using the same metabolomic platform and harmonized for within study and between batch
variation. Importantly, we used multiple imputation, ridge regression, and bootstrapping(20)
to develop and internally validate the metabolomic age prediction models. We developed two
models, with the first (model A) using both endogenous and xenobiotic metabolites (n=826) and
the second (model B) using the endogenous metabolites only (n=678). Both models had high
adjusted R? (model A = 0.83; Model B = 0.82), however, model B had slightly higher MSE and
MAE, indicating higher error for the predicted values.

5.1 Ridge Regression for Metabolomic Age

Our metabolomic age model is based on ridge regression which generates shrinkage factors
that shrink metabolite coefficients with weak influence on the model to small values. Unlike
methods such as LASSO and elastic net regression, this shrinkage never causes the coefficients
to reach zero. Therefore, unlike those methods, ridge regression does not perform selection of
predictors/metabolites due to the shrinkage term. Thus, the model consistently includes the
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same metabolites during the cross validation and internal validation by bootstrapping as well as
during redevelopment and external validation in studies such as NEO (20). Ridge regression thus
ensures rigorousness and consideration of all the selected metabolite predictors. In our model we
have found the nonlinear GAM R? to be slightly higher than linear R? in both models. Therefore,
predicting metabolomic age from this model in a nonlinear form, by adding a quadratic term or
using a spline function, can further expand the model flexibility.

5.2 The effect of health traits on metabolomic age

After developing the metabolomic age prediction models, we used the NEO study for two
purposes. First, we used the NEO study to assess the viability of the prediction models. This was
done by estimating the metabolomic age in the NEO study and readjusted the intercepts of the
models accordingly (calibration in the large). The readjustment of the intercepts was minimal in
the NEO metabolomic age models. Second, we used the models in NEO to examine the influence
of six health phenotypes on the A age. We expected that the cases with negative health pheno-
types had a higher A age (BMl/obesity, T2D, hypertension, CVD, depression, and short sleep). On
the other hand, we expected no effect or a lower A age for individuals who did not suffer from
these phenotypes or reported longer sleep durations.

Overall, Model A showed wider A age distributions compared with model B. As expected, our
results showed that BMI, obesity, and particularly CVD had a strong effect on the A age using
model A. Despite the equivalent R? for model A and B in the INTERVAL study, only BMI was
associated with the A age estimated from model B. Since model A includes xenobiotic metab-
olites, medication related metabolites are likely important for capturing the effects of CVD and
obesity on metabolomic age. The effect of BMI on age is pronounced in our estimation of A age
using BMI’s of 25, 35 and 45 kg/m?. Indeed, at an obese BMI of 45 kg/m? the predicted increase
in A age was 8.5 and 5.6 years for models A and B, respectively.

None of the other health traits; sleep duration, depression, T2D, or hypertension affected A age
in either model. This was unexpected as for example T2D and hypertension are associated with
CVD risk and have increased incidence rates in older individuals (24, 39). In addition, a previous
study on metabolic age has shown that metabolites were a strong predictor of T2D and CVD (14).
One possible reason for this is the exclusion of insulin dependent T2D individuals and those with
a history of major disease outcomes such as myocardial infarction and stroke in the INTERVAL
study due to the blood donor eligibility criteria in UK (40). This exclusion criteria may have
affected the ability of metabolomic age, particularly in model B, to reflect these phenotypes in
the A age in the NEO study, which did not have such exclusions. However, A age from model A
showed a clear association with CVD. Therefore, other factors, such as the small sample size or
unknown factors, could be involved possibly in addition to the exclusion criteria in the INTERVAL
study. Further investigation is required in a larger sample size to verify the metabolomic age and
the factors affecting the models. Depression was similarly not associated with the metabolomic
age developed in a previous study. In contrast, they found an association between depression
and their epigenetic, proteomic, and transcriptomic age predictors in the same population (7).
Regarding the sleep duration results, some studies reported a U-shaped association between
sleep and health outcomes (41). In this study we only examined the linear association in the
NEO study. Thus, further examination of different association patterns for sleep are needed in
future studies. Finally, we avoided examining etiological associations between the metabolites
with A age and the six phenotypes as this was beyond the scope of paper. However, further
exploration of etiological associations for specific metabolites with metabolomic age and health
related phenotypes could be of interest for future studies.
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5.3 Strengths and Limitations

A major strength of our current study is the development of robust metabolomic age prediction
models based on a large number of metabolites measured in a large cohort with a wide age
distribution. This sample size was confirmed to fit the required criteria for developing a model
with low overfitting (34). Furthermore, the INTERVAL study included relatively healthy blood
donors as participants, making it a suitable study to develop a metabolomic age without being
affected with selection bias based on specific disease-related inclusion criteria. Unlike previous
metabolomic age predictors (alternatively referred to as metabolomic “clocks”), we developed
our model using the latest Metabolon metabolomics platform that measures a large selection
of metabolites. A benefit of this platform is the inclusion of xenobiotics, such as those derived
from medication or pollution as well as endogenous metabolites. Thus, we were able to include
metabolites originating from internal and external sources. The xenobiotic metabolites represent
some of the acquired environmental and lifestyle exposures of individuals that could play a role
in biological aging.

Regarding the limitations, because the INTERVAL study does not have patient data for health-re-
lated outcomes, we could not assess the effects of different disease outcomes and health
phenotypes on the metabolomic age. A second limitation was the small sample size included
from of the NEO study relative to the number of predictors (n<p) and the narrower age range.
Therefore, applying the models in the NEO study lead to loss in power and affected the relia-
bility and performance of the models (20). Another limitation was the low number of events
in some of the selected phenotypes in the NEO study. This was the case for CVD (n=21), T2D
(n=89) and short/long sleep duration. It is possible that the larger number of metabolites from
endogenous and xenobiotics may capture the metabolomic phenotype of some of the health
traits more accurately in larger sample size. In addition, the results for sleep duration could have
been affected by the sleep variable used. In NEO sleep duration was derived from a self-reported
guestionnaire, which is prone to recall bias. For future studies, sleep duration and quality quanti-
fication can be improved by using objectively measured actigraphy data.

5.4 External Validation for Metabolomic Age and Future Applications

Prediction models may suffer from overfitting due to selection bias, small sample size, method-
ology limitations, and lack of internal validation and calibration during development. However,
another common issue regarding prediction modelling, such as the case with metabolomic age, is
the challenge to externally validate them. This a common issue with prediction models in general.
Indeed, few studies perform external validation of prediction models (19, 42). The reasons for
the lack of external validation include the of difficulty applying and reproducing the prediction
model method, lack of the full prediction variables to develop the model in the new dataset, or
a lack of an appropriate effective sample size for external validation. Without external validation
the quality of the models cannot be properly assessed, and a model could still be overfitted
despite presenting good results during internal validation (20, 21, 43). We took advantage of
the sample size and wide age range to use a stringent ridge regression and internal validation
method to develop the metabolomic age model. The resulting model demonstrated a high R? for
the metabolomic age and, as shown in NEO, was influenced by CVD and BMI. Accordingly, future
robust external validation, using weak and moderate calibrations (43) would be valuable for the
metabolomic age models presented in this paper. Furthermore, examination of the association
between different phenotypes, such as those used in the NEO study, in the external validation
would be valuable to provide more statistical power to assess their influence on metabolomic
age and A age. Indeed, this could improve and verify the assessment of the phenotypes known
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to influence metabolomic profiles (14, 24, 39, 44) and predicted metabolomic age as reported in
our study and previous studies.

Several age prediction models have been developed that utilize different biological measure-
ments such as targeted metabolomics (7, 14), proteomics (7), and DNA methylation (6). Here,
we used the Metabolon untargeted metabolomics platform for the prediction of metabolomic
age. In addition to our aim of addressing the primary issues with the development of metab-
olomic age models, the Metabolon platform expanded on the range of metabolites that can
potentially be a better predictor of age. For example, previous metabolomic age studies that
could not measure or include xenobiotic metabolites. In our study, we were able to include this
additional group of metabolites in model A. We found that model A’s A age, but not model B’s
A age, was greatly increased by CVD and obesity. This apparent additional predictive value of
xenobiotics can be further investigated in future studies. Furthermore, Model A may also be
used in tandem with metabolomic age from targeted platforms, and biological clocks of different
biological molecules measurements similar to the work by Jansen et al. (7), to possibly improve
or compare their predictive performance and their ability of capturing the effects of health-re-
lated phenotypes.

6 CONCLUSIONS

We developed metabolomic age prediction models in a large relatively healthy population
using a wide array of endogenous and xenobiotic metabolites. In model A with the endogenous
and xenobiotic metabolites and in model B with endogenous metabolites only, the R? of the
linear fit was 0.82 and 0.83, respectively. The hypotheses that the predicted metabolomic age
reflects metabolomic age and that health-related phenotypes increase metabolomic age was
subsequently tested in the NEO study. These analyses revealed that obesity and CVD increased
metabolomic age only in the model A, indicating possibly higher predictive value from external
influences as reflected by the xenobiotic metabolites. We provided the full list of metabolites
and their coefficients for both models. This data can enable other researchers to replicate our
metabolomic age prediction model, externally validate it in their own studies with different
disease outcomes and combine them with other age prediction models.
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hexosyl/glucosylceramide ; LCER, lactosylceramide ; AKG, alpha ketoglutarate; BCKA, branched chain keto
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1 ABSTRACT
Background & Aims

Non-alcoholic fatty liver disease (NAFLD) is characterized by the pathological accumulation of
triglycerides in hepatocytes and is associated with insulin resistance, atherogenic dyslipidemia,
and cardiometabolic diseases. Thus far, the extent of metabolic dysregulation associated with
hepatic triglyceride accumulation has not been fully addressed. In this study we aimed to identify
metabolites associated hepatic triglyceride content (HTGC) and map these associations using
network analysis.

Methods

To gain insight in the spectrum of metabolites associated with hepatic triglyceride accumulation,
we performed a comprehensive plasma metabolomics screening of 1,363 metabolites in appar-
ently healthy middle aged (age 45-65) individuals (N=496) in whom HTGC was measured by
proton magnetic resonance spectroscopy. An atlas of metabolite-HTGC associations, based on
univariate results, was created using correlation-based Gaussian graphical model (GGM) and
genome scale metabolic model (GSMM) network analyses.

Results

Our analyses revealed that 118 metabolites were univariately associated with HTGC (P-value
< 6.59x10°), including 106 endogenous, 1 xenobiotic, and 11 partially characterized/uncharac-
terized metabolites. These associations were mapped to several biological pathways including
branched amino acids (BCAA), diglycerols, sphingomyelin, glucosyl- and lactosyl- ceramides.
We also identified novel a possible HTGC related pathway connecting glutamate, metabolonic
lactone sulfate, and X-15245 using the GGM network. The full interactive metabolite-HTGC atlas
is provided online: https://tofaquih.github.io/AtlasLiver/.

Conclusions

The combined network and pathway analyses indicated extensive associations between BCAA
and the lipids pathways with HTGC. Moreover, we report a novel pathway glutamate-metab-
olonic lactone sulfate-X-15245 with a potential strong association with HTGC. These findings
can aid elucidating HTGC metabolomic profiles and provide insight in novel drug targets for
treatment or monitoring of NAFLD.
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2 INTRODUCTION

Nonalcoholic fatty liver disease (NAFLD) is a highly prevalent liver condition and a common
cause of liver disease. It is estimated that NAFLD has a global prevalence of approximately 25%
(95% Cl: 22 — 28) (1, 2). NAFLD is considered a metabolic disease and is strongly associated with
cardiovascular disease, insulin resistance (IR), type 2 diabetes (T2D), obesity, dyslipidemia, and
hypertension. NAFLD is diagnosed when the accumulation of triglycerides in the liver exceeds
5%, in people without excessive alcohol intake and alternative causes for liver disease, such as
hepatitis infection (1). Assessment of triglyceride content in the liver is commonly measured by
ultrasonography, due to its low coast and wide availability, but quantitative assessment is mostly
performed using proton magnetic resonance spectroscopy (*H-MRS) (3). The term NAFLD covers
a wide range of liver damage levels, including minor steatosis to major cirrhosis. Triglyceride
deposition occurs depending on, amongst other factors, diet and fasting status (4). Pathological
hepatic triglyceride accumulation is the consequence of an imbalance between hepatic uptake
of endogenous triglycerides and fatty acids, hepatic triglyceride secretion, de-novo lipogenesis
and fatty acid oxidation. Disturbances in these processes are strongly associated with insulin
resistance and may also cause further progression of metabolic diseases such as T2D and NAFLD
(4). The development of NAFLD as well as the progression to steatosis and cirrhosis varies greatly
between individuals. This is due to the complex and multifactorial pathogenesis of fatty liver
diseases (5). In addition to environmental acquired factors (6, 7), genetic factors also play an
important role (8).

Several studies have been performed to gain insight into the complex etiology of NAFLD by
applying metabolomics (9). Changes in circulating metabolites are thought to reflect the
composite of both environmental, acquired, and genetic factors of an individual. Metabolomics
can thus provide holistic insight to capture the complexity of multi-factorial diseases such as
NAFLD (10, 11). Current high-throughput untargeted metabolomic platforms are capable of
measuring and mapping over 1000 metabolites from an array of biological pathways from a
single biological sample (e.g., blood, urine, or saliva). In addition to well-annotated endogenous
metabolites, both xenobiotic metabolites derived from the diet and medications as well as
uncharacterized metabolites are reported (12). Although metabolomic analysis has been previ-
ously performed in patients with NAFLD (13) most studies had limited sample sizes or focused on
a specific subset of metabolites using targeted metabolomics methods (9).

Here we aimed to elucidate the HTGC metabolomic profile as assessed by proton magnetic
resonance spectroscopy (*H-MRS), in a middle-aged population (N=496) using an untar-
geted metabolomics platform (1,363 metabolites). We further created a comprehensive atlas
of HTGC-associated metabolites and pathways from our results using two pathway analysis
approaches that allows flexible and interactive examination of our results.
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3 METHODS

3.1 Study Population

For our present study we included 599 participants from the Netherlands Epidemiology of
Obesity (NEO) with available metabolomics data from the general Leiderdorp subpopulation.
The Leiderdorp subpopulation was included based on postcode and age (45-65 years) only. We
excluded 103 participants who did not undergo direct assessment of the hepatic triglyceride
content (HTGC) by *H-MRS. Therefore, final number of participants included in the present study
was 496. The characteristics of the included participants are presented in Table 1. Metabolites
were measured using the Metabolon™ Discovery HD4 platform (Metabolon Inc., Durham, North
Carolina, USA). In total, 1,363 serum metabolites were measured of which 840 metabolites were
from various endogenous pathways (56% lipids, 31% amino acids, 13% other), 227 xenobiotic
metabolites, and 296 metabolites that were uncharacterized (unknown chemical structure and
biological properties). Further details regarding the study design, HTGC assessment procedure,
and metabolite measurements are described in detail in previous works (14, 15) and in the
Supplementary Materials.

The NEO study was approved by the Medical Ethics committee of the Leiden University Medical
Centre under protocol P08.109. The study is also registered at clinicaltrials.gov under number
NL21981.058.08 / P08.109. All participants gave written informed consent (14).

3.2 Statistical Analysis

For the analysis we used multiple linear regressions to test the associations between the metab-
olites from the untargeted platform with the outcome HTGC. We further adjusted for potential
confounding by including sex, age, total body fat, alcohol intake, and lipid lowering medication
in the models.

Natural log-transformation was applied to the outcome variable, HTGC, as it was heavily
skewed. One individual had a measurement of 0 units of HTGC and was imputed to half the
minimum (0.1) before the log-transformation. Missing values in the measured metabolites were
imputed using multiple imputation by chained equations as described in our previous work (12).
Details regarding the analysis, imputation and scaling of the metabolites are described in the
Supplementary Methods.

Additionally, to examine the known sex differences in metabolites, we performed the analysis
separately for men and women. We further stratified the women subgroup by menopausal
status to examine the metabolomic profile after menopause. Menopausal status was defined
as a binary variable based on a questionnaire (Supplementary Material) wherein postmeno-
pausal women were coded as 1 and premenopausal and perimenopausal women were coded
as 2. Finally, as sensitivity analysis, we adjusted for HOMA-IR to investigate if the associations of
metabolites with HTGC were dependent on IR, particularly for those known to be associated with
IR i.e., amino acids and carbohydrates.

3.3 Pathway Analysis

Significant metabolites from the main analysis and the sex stratified analysis were subsequently
analyzed with two pathway/network analysis methods: Gaussian Graphical Model (GGM) and
Genome Scale Metabolic Model (SMM). GGM has been used and described in previous studies
as a viable approach for the visualization and reconstruction of biological pathways from corre-
lation data. This method is particularly useful for our study and other studies with large metabo-
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lomic datasets from untargeted platforms (16). In contrast, GSMM methods are based on a priori
defined and curated pathways and have also been used in metabolomic and non-metabolomic
studies (17). In addition, we used an inhouse developed GSMM tool to construct the networks.
Both methods are thus complementary in their basis, i.e., without and with prior pathway
knowledge. Full details regarding the methodology used to create both networks are available in
the Supplementary Methods. These interactive networks can be accessed on https://tofaquih.
github.io/AtlasLiver/.

4 RESULTS

4.1 Association Analyses of Metabolites and HTGC

Univariate linear regression analyses were performed to examine the associations between
the 1,365 metabolites and the outcome HTGC, adjusting for sex, age, total body fat, alcohol
intake, and lipid-lowering medication. In total, and after considering multiple testing correction
(P-value < 6.59x107%), 118 metabolites were associated with HTGC, of which 101 were associated
with higher levels of HTGC. From these metabolites, many were from the lipids and amino acid
classes, as well as a few from the vitamin, nucleotide, carbohydrate classes, uncharacterized
metabolites, 1 partially characterized metabolite, and 1 xenobiotic (Supp Table 1). Excluding
individuals with lipid lowering medications did not alter the results.

Additional analyses after stratification for sex and menopausal status were performed, which
showed complete overlap in the directions of the effects between men and women, between
men above and below the age of 60, and women before and after menopause. In general, a
higher number of associations present and the effect estimates were larger in women (particu-
larly post-menopause) compared to men, with 82 and 35 metabolites associated with HTGC
respectively (Figure 1). As the direction of the effects was identical between men and women for
all metabolites (Figure 2), all subsequent descriptions and analyses were performed in the full
set of 118 associated metabolites.

4.2 Amino acid and Carbohydrate Metabolism

In total, 37 out of the 264 measured amino acids and peptides were associated with HTGC, of
which 34 were associated with higher HTGC levels—particularly BCAA and their keto forms. The
amino acids and derivatives with the strongest association were glutamate [B: 2.41 (95% Cl 1.93;
2.9)], 3-methyl-2-oxovalerate [B: 2.36 (95% Cl 1.75; 2.97)], isoleucine [B: 2.28 (95% CI 1.75; 2.82)],
tyrosine [B: 2.03 (95% Cl 1.5; 2.55)], and lactoylvaline [B: 1.97 (95% CI 1.5; 2.44)] in addition to
the carbohydrates, glucose [B: 1.84 (95% CI 1.21; 2.47)] and pyruvate [B: 1.44 (95% Cl 0.93;
1.95)]. Sensitivity analyses adjusting for HOMA- IR were also performed for the insulin resistance
related subgroup of amino acid and carbohydrate metabolites (n=264). Accordingly, 33 metab-
olites were associated with HTGC in this model, of which 32 overlapped with the findings in the
main model, with the exception of lysine. Moreover, 10 metabolites, including pyruvate and
glucose, were not associated with HTGC in the sensitivity analysis. For the overlapping associa-
tions between the two models, the effect of the metabolites on HTGC was weaker after adjusting
for HOMA-IR. The findings indicated that the associations of the amino acids and carbohydrates
metabolites with the levels of HTGC were overall largely independent from IR. These results are
detailed and discussed in the Supplementary Materials and Supplementary Figure 1.
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4.3 Lipids

Out of the 475 measured lipid-related metabolites, 62 lipid metabolites belonging to 19 lipid
subclasses were associated with HTGC, including phosphatidylcholines (PCs), phosphatidyleth-
anolamines (PEs), phosphatidylinositols (Pls), sphingomyelins, glycerolipids, corticosteroids,
ceramides, and dihydroceramides.

Among these lipid metabolites. 52 were associated with higher HTGC levels. Some of these
strongly associated lipids were: palmitoyl-oleoyl-glycerol (16:0/18:1) [B: 2.23 (95% CI 1.72;
2.73)], 1-palmitoyl-2-palmitoleoyl-glycerophosphorylcholine (16:0/16:1) [B: 2.16 (95% CI 1.63;
2.69)], myristoyl linoleoyl glycerol (14:0/18:2) [B: 2.12 (95% ClI 1.61; 2.63)], and two isomers
of diacylglycerol (14:0/18:1, 16:0/16:1) [B: 2.09 (95% CI 1.57; 2.6) and [B: 1.94 (95% CI 1.46;
2.42)]. All dihydrosphingomyelin species had positive associations with HTGC of which three
metabolites had a P-value above the significance threshold, with the most salient being sphingo-
myelin (d18:0/18:0, d19:0/17:0) [B: 2.15 (95% Cl 1.63; 2.66)].

Ten lipid metabolites were associated with lower levels of HTGC, amongst which were several
ether-PC species and glycosylceramide (HCER) and lactosylceramide (LCER) species. Among those
metabolites were two sphingomyelins with long fatty acyl chains—sphingomyelin (d18:2/24:1,
d18:1/24:2) [B:-1.29 (95% CI-1.79; -0.78)] and sphingomyelin (d18:2/24:2) [B: -1.68 (95% CI -2.27;
-1.09)]. For the HCER and LCER metabolites, the HCER glycosylceramide (d18:2/24:1, d18:1/24:2)
[B: -1.31 (95% CI -1.87; -0.74)] and two LCER metabolites lactosyl-N-nervonoyl-sphingosine
(d18:1/24:1) [B: -1.57 (95% Cl -2.06; -1.08)] and lactosyl-N-palmitoyl-sphingosine (d18:1/16:0)
[B: -1.17 (95% CI -1.68; -0.65)] reduced HTGC levels. Finally, glycerophosphorylcholine (GPC), a
derivate of choline and a breakdown product of PCs, reduced HTGC levels as well [B: -1.13 (95%
Cl-1.68; -0.59)].

4.4 Other Metabolites

Metabolonic lactone sulfate, a partially characterized metabolite, was found to be strongly
associated with higher HTGC levels [B: 2.18 (95% Cl 1.73; 2.63)]. Only one xenobiotic metabolite,
4-ethylcatechol, was associated with HTGC and it was strongly associated with the reduction
of HTGC levels [B: -1.63 (95% Cl -2.43; -0.84]. Ten uncharacterized metabolites were associated
with higher HTGC. Other metabolites included two nucleotides: xanthine and guanine. Xanthine
was associated with the higher HTGC levels [B: 1.25 (95% CI 0.76; 1.75] while guanine had the
opposite effect [B: -1.09 (95% Cl -1.55; -0.63]. Finally, tocopherol metabolites including alpha-to-
copherol [B: 1.27 (95% Cl 0.77; 1.78] and gamma-tocopherol/beta-tocopherol [B: 1.18 (95%
Cl-0.62; 1.73] also associated with higher HTGC levels.

4.5 Correlation Based Network Analysis Using GGM

GGM networks were generated including all significantly (P-value < 6.59x10°) associated
metabolites (N=118). This method identified two major clusters: amino acids and lipids
(Figure 3).

The amino acids and related metabolites can be organized into 3 groups: 1) Primary amino acids
e.g., glutamate; 2) Derivates of amino acids with either a carbon group (lactoylvaline), oxo- and
methyl groups (e.g., 3-methyl-2-oxovalerate) or an acetyl group (e.g., N-acetyltryptophan); 3)
Ketoacids, products of incomplete breakdown of amino acids (e.g., 4-methyl-2-oxopentanoate).

Overall, the network pattern shows the primary BCAA connecting to each other via the amino
acids derivates and ketoacids. The common endpoint of these connections led to glutamate,

100



CHAPTER 5 Analyses of metabolites and biochemical pathways associated with hepatic triglyceride content indicate extensive metabolite dysregulation

pyruvate, and glucose. Moreover, all uncharacterized metabolites related to BCAAs were inter-
mediates for glucose, pyruvate, and alpha ketoglutarate (AKG). Some amino acids were correlated
with metabolites in the lipid cluster such as the connection between leucine and N-palmitoyl-
sphinganine (d18:0/16:0).

Regarding the lipids cluster, the GGM network showed strong interconnectivity between
diacylglycerols, monoacylglycerols, as well as links to Pls, PCs, and PEs (https://tofaquih.github.
io/AtlasLiver/Networks/LiverFatNetworks/Model2/SexAdj/network/). Moreover, all 10 of
the negatively associated lipids—which included sphingomyelins, ether PC, and glucosyl- and
lactosylceramide species—were connected to each other and formed a subcluster within the
lipids. The partially characterized metabolite metabolonic lactone sulfate showed a positive
correlation with glutamate only in the stratified analyses in men and post-menopausal women
(data not shown). Alpha-tocopherol and gamma-tocopherol/beta-tocopherol were correlated
and connected in the GMM network and, interestingly, alpha-tocopherol was also connected to
cholesterol.

4.6 GSMM Pathway-based Analyses

To assess how and whether HTGC associated metabolites were linked biochemically to one
another through metabolic pathways, a network analysis based on the genome scale metabolic
model HRM2 was performed (Figure 4). The network showed several amino acids subclusters
that were associated with higher HTGC, amongst which the BCAAs and their keto and 2-hydroxy
form, the clusters of aromatic amino acids and intermediates, and glutamate and alpha-ketoglu-
tarate. The lipid cluster showed the relation between the positively and negatively correlated
lipids, providing insight into the enzymatic conversions which are potentially affected by HTGC.
The pathway mapping of the 10 lipid metabolites that were associated with lower level HTGC
reported in GGM network were also confirmed in the GSMM. Biochemical reactions were found
to connect sphingomyelin species to the glucosylceramide and lactosylceramide species (labeled
as LacCer in the GSMM network) via the ceramides. An additional connection not shown in the
GSMM network included the reactions connecting glucosylceramide to glucose via its breakdown
to ceramide and glucose.

To improve the interpretability of the network, only the main lipid classes were shown as nodes.
The full network of associated metabolites is available as an interactive, single page website:
https://tofaquih.github.io/AtlasLiver/Networks/LiverFatNetworks/.

5 DISCUSSION

In the present work, we establish a comprehensive atlas of metabolites associated with HTGC in
a Dutch population composed of middle-aged men and women. We used an untargeted metab-
olomics approach to measure 1361 metabolites and *H-MRS measurement of HTGC. In total,
118 metabolites were associated with HTGC after correction for sex and other confounders, of
which 101 associated with higher levels of HTGC. Stratification by sex and menopause in women
revealed that a larger number of associations was significant in the women strata and the
estimates of the effect sizes were higher in women, particularly post-menopause. However, the
directions of the effects for the overlapping metabolite-HTGC associations were uniform in all
strata. This difference was observed despite a higher average level of HTGC in men. Apparently,
metabolites have strong correlations even with smaller HTGC ranges. Pathway analyses revealed
2 clusters of interrelated metabolites, one primarily involving amino acid related metabolism and
the other lipid metabolism.
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5.1 91.Branched Chain Amino Acids and Branched Chain Keto Acids

Our analysis showed that amino acids levels were overall associated with higher levels of HTGC.
Moreover, these amino acids had clear clustering in both the GGM- and the GSMM-based
pathway network analyses. These results coincided with previous literature findings that
elevated levels of BCAAs associated with HTGC and NAFLD (9, 18, 19). The primary metabo-
lites from the amino acids associated with higher HTGC were glutamate, leucine, isoleucine,
and valine. In addition, untargeted metabolomics enabled us to screen metabolite deriva-
tives and subclasses, several of which we also found to be strongly associated with the higher
levels of HTGC. These derivatives form during normal or abnormal breakdown of BCAAs and
include BCAAs with acetyl, lactoyl or methyl groups, as well as metabolites categorized as
branched chain keto acids (BCKA), their 2-hydroxy form, and gamma-glutamyl alpha-amino
acids. Furthermore, these metabolites were shown in the GGM and GSMM at the intersection
of the BCAAs, glutamate, and pyruvate. The derivatives, particularly BCKAs, are an indication
of an association between BCAA catabolism with HTGC levels (20, 21). It is interesting that
the BCAAs and derivates, known to be associated with body fat and insulin resistance (20),
remained associated with HTCG despite the adjustment for total body fat and after further
adjustment for HOMA-IR in the sensitivity analysis. These results indicate that these associ-
ations were overall independent from body fat and IR. A few amino acids that were previ-
ously found to be associated with HTGC and NAFLD using ultrasonography assessment did
not replicate in our study. For example, serine and glycine were not associated with HTGC
in our analysis contrary to the results of previous studies (9, 22). Moreover, the proposed
glutamate-serine-glycine index in those studies was also not observed in our analysis despite
our larger sample size (N= 496 versus N=64 [N=20 controls]). This discrepancy could possibly
be due to our study included participants from the general population with an HTGC range
around 5.6% and did not focus on NAFLD or NASH patients specifically in a case-control study
design. Therefore, it is possible that serine and glycine are better markers for advanced stages
of HTGC, as observed in NAFLD/NASH patients, due to the stronger effect of metabolic dysreg-
ulation, but are not strong markers for general levels of HTGC.

5.2 92.Lipid Metabolites

Lipids have the largest effect estimates in the GGM and GSMM networks and reflect a
strong association of lipid metabolism with HTGC. This cluster contained lipids from various
subclasses of which di- and mono-glycerides were predominant. These associations with
HTGC, particularly from di- and mono-glycerides, are supported by previous studies (23). The
GGM network showed strong correlations between diglycerols, PCs, PEs, Pls, and other lipid
subclasses, consistent with our GSMM based network and the established biological pathways
(24). Overall, most of the lipids (N=52 of 62) were associated with higher HTGC levels. Notable
exceptions were the group of 10 lipids comprising of ether-PC species, sphingomyelin, HCER,
and LCER species, which the highest reduction effect on HTGC levels in our results. In addition,
these lipids were highly connected in the GMM network and shared the same biological
pathways in the GSMM network. Interestingly, the aforementioned sphingomyelins with long
fatty acyl chains reduced HTGC levels, in contrast to dihydrosphingomyelins which associated
with higher HTGC. Other interesting metabolite groups were the beforementioned HCER and
LCER. Unlike the ceramide and dihydroceramide metabolites, which associated with higher
HTGC level, both HCER and LCER had the opposite effect. In this case, the breakdown of these
metabolites seems to contribute to the upregulation of ceramides and dihydroceramides, as
well as glucose, specifically via HCER (25).

102



CHAPTER 5 Analyses of metabolites and biochemical pathways associated with hepatic triglyceride content indicate extensive metabolite dysregulation

The associations of the ceramides and dihydroceramides with higher HTCG are analogous to
previous studies on NAFLD (26-28). However, the associations of sphingomyelins and dihydros-
phingomyelins with HTGC and NAFLD in humans are less studied and understood compared to
the associations of ceramides (29). Since dihydroceramides are precursors for the synthesis of
dihydrosphingomyelins (28, 30), it could explain their association with higher HTGC. However, a
small study by Lovric et al. (N=75) (31) reported contrary pattern using the same metabolomic
platform used in our study, in which higher sphingomyelins but lower dihydrosphingomyelins
were associated with NAFLD. In mice, dietary sphingomyelins were associated with a decrease
of HTGC in the liver (32). Regarding HCER and LCER, as stated earlier, HCER is involved in the
synthesis of LCER, ceramide, and glucose (25). In addition, both LCER and HCER are involved in
glycosphingolipid metabolism (33). One small study (n=28) reported a positive association HCER
and LCER with NASH (29). Finally, a recent a study reported similar results of higher dihydros-
phingolipid classes being associated with increased fibrosis in animal models and NAFLD patients
(34).

Overall, our study presents a deeper look into these metabolite subclasses in a larger sample
size in a general population. Further studies focusing on the contrasting associations of sphingo-
myelins versus dihydrosphingomyelins and ceramide versus HCER could elucidate their specific
function and relationship to HTGC and NAFLD in humans.

5.3 Other Metabolites Strongly Associated with HTGC

In addition to the amino acids and lipids results, our analysis and the GGM network included
uncharacterized and xenobiotic metabolites, not previously reported in HTGC or NAFLD studies.
A particularly interesting finding was the relatively novel metabolite metabolonic lactone sulfate
(formerly assigned the ID X-12063). Metabolonic lactone sulfate had a large effect estimate in
the adjusted and the stratified models and was associated with higher HTGC levels. Previous
studies have found this metabolite to be a biomarker and a predictor for T2D (35-37) and acute-
on-chronic liver failure (38). Moreover, metabolonic lactone sulfate was associated with cardio-
metabolic disease (39) and was positively correlated with BMI, waist hip ratio, and HOMA-IR (40).
Metabolonic lactone sulfate was also reported to be associated with the CYP3A5/ZSCAN25 locus
via the rs10242455 (41) and rs7808022 (42) single nucleotide polymorphisms (SNPs), respec-
tively. This genes in this region are highly expressed in the liver and share the same regulatory
promoters (43). The gene CYP3A is particularly expressed in the liver and encodes for the CYP3A
protein, a key drug-metabolizing liver enzyme (39, 43). Although the specific functionality
and underlying biological pathways of metabolonic lactone sulfate remains unelucidated, the
available evidence suggests a link with the liver function, cardiometabolic diseases. This supports
our findings regarding the association of metabolonic lactone sulfate with higher HTGC levels
and possibly NAFLD.

4-Ethylcatechol is a xenobiotic metabolite that is primarily acquired from the ingestion of coffee
beverages and products (44, 45). In our analysis, 4-Ethylcatechol was associated with lower HTGC
levels and was not connected to any metabolites in the GGM or GSMM networks. Protective
properties of coffee and caffeine intake against liver fibrosis have been suggested before due
to its anti-fibrotic and antioxidant effects (46, 47). Several studies examining the association
of coffee consumption with liver fat found similarly reduced HTGC (46, 48, 49). For instance,
a recent large systematic review and meta-analysis study found that coffee consumption was
negatively associated with liver fibrosis and suggested protection from severe liver fibrosis and
cirrhosis (46). Results for patients with NAFLD were less conclusive with some showing that
increased coffee consumption was associated with reduction of NAFLD (49).
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Uncharacterized metabolites, such as X-15245, X-24295, X-19438, and X-25343, are associated
with HTGC with strong connections to pyruvate, glucose, and AKG. Further analysis into the
structure of these metabolites is needed to determine their identities and their biological
relationships to HTGC and the other metabolites in the network.

Our analysis also shows associations with vitamin E metabolites. Briefly, vitamin E metabolites
(alpha-tocopherol and gamma-tocopherol/beta-tocopherol) are positively associated with HTGC,
and alpha-tocopherol was directly correlated with cholesterol in the GGM network. This finding
is supported by one study that found a positive correlation between vitamin E and NAFLD (50).
Moreover, vitamin E is known to bind to lipoproteins in the blood which promoted the usage of
cholesterol-adjusted vitamin E in several studies as a superior measurement of vitamin E (51).
However, the mechanism linking vitamin E with HTGC remains unclear and clinical trials present
mixed results regarding the relationships. Some studies have shown a negative or no relation
while others suggested possibly therapeutic benefits of vitamin E supplementation for NAFLD
and NASH patients via the suppression of HTGC (52, 53).

5.4 Pathway Analysis

Pathway analysis was performed using two approaches. The first approach—GMM—is
data-driven and calculates the partial correlations between the HTGC associated metabolites to
create a network. The second approach maps metabolites to a GSMM, which consists of known
functionally annotated biochemical conversions that can occur in humans. An advantage of the
GGM is that all measured and associated metabolites in the study are included in the network,
even the uncharacterized and xenobiotic metabolites ones. However, a GGM is data driven and
does not necessarily reflect actual biological pathways, and only shows metabolites measured
by the platform. That is, metabolites can be directly linked in the GGM even though they are
distant in terms of intermediate biochemical reactions (16). The GSMM based network analysis,
on the other hand, includes measured associated metabolites as well as relevant intermediate
metabolites regardless of whether they were measured or associated with HTGC. In addition,
the created network shows the directionality of the biological reactions for the biosynthesis and
degradation of the metabolites and provides relevant details regarding the enzymes involved in
each reaction.

Although both types of pathway analysis are complementary in their approach, we found that
the network resulting from GGM had a good alighment with the metabolic reaction paths that
resulted from the GSMM approach. This is in concordance with previous work (16), which
showed that strongly associated metabolites generally corresponded to the same pathways.

5.5 Key Findings and Potential Targets for Genetic and Drug Research

In summary, our analyses and atlas showed interesting pathway associations for HTGC which
may be relevant for fatty liver disease research. The pathways connecting glutamate, BCAAs, and
derivatives of BCAAs during normal/abnormal metabolism were particularly associated with the
higher HTGC levels. Among the wide variety of lipid metabolites, higher metabolite concentra-
tionsin the pathways connecting diglycerols, PCs, PEs, and Pls had a strong association with higher
HTGC levels. Notably, the pathways connecting the ceramide species and their relationship with
sphingomyelin species, as shown in the GMM and GSMM networks, were particularly interesting
due to the contrasting associations of HTGC. Thus, it appears that the metabolomic flux between
these metabolite species is associated with an overall higher HTGC levels. These metabolites and
pathways are of interest to explore in future HTGC and liver fibrosis studies.
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The most interesting finding was the in our study was the strong association of glutamate and
the novel metabolites correlated with it. Glutamate itself is a well-known biomarker for liver
fat and NAFLD (9, 22). However, our pathway analyses revealed 2 metabolites to be strongly
correlated with glutamate and were also shown to be associated with HTGC. These were metab-
olonic lactone sulfate and the uncharacterized metabolite X-15245. These metabolites were
associated with HTGC in all models and specifically interconnected with glutamate in the GGM
networks for men and postmenopausal women, hence indicating that these metabolites share
common biochemical pathways. As discussed earlier, metabolonic lactone sulfate has been
found to be associated with several cardiometabolic related outcomes in other studies. For
example, the uncharacterized metabolite X-15245 is associated with rs1260326 SNP in the GCKR
gene (42). This particular SNP was reported to be strongly associated with NAFLD (8). Based
on these findings, glutamate, metabolonic lactone sulfate and X-15245 and their potentially
shared pathway are important candidates for further etiological studies on HTGC and NAFLD.
Furthermore, the genetic SNPs associated with these metabolites can be used as possible new
genetic marker for HTGC/NAFLD. This can be achieved similar to the approach used by Mancina
et al. (54), in which SNPs associated with triglycerides were tested for their association with
liver fat and subsequently used to identify a protective link between PSD3 and HTGC. Moreover,
future studies should aim to identify the uncharacterized metabolite X-15245 and elucidate the
biological properties for it and metabolonic lactone sulfate.

Exploration of the aforementioned metabolites and the various other metabolites and pathways
we have discussed here, in combination with metabolomic and genetic studies, can be key to
identifying causal associations and possible drug targets for liver fibrosis in the future.

5.6 Strengths and Limitations

Previous literature on metabolite-HTGC associations focused mainly on a small number of
well-established metabolites or metabolites involved in specific pathways. A strength of our
study is the use of an untargeted metabolomics platform with over a thousand measured
metabolites from 10 metabolite pathway classes in a relatively large population of middle-aged
individuals in the Netherlands. Our study population was a random selection of volunteers
from the Leiderdorp area and was not selected on NAFLD or NASH diagnosis. Moreover, HTCG
measurements in this cohort were assessed by H-MRS, which provides high accuracy and
sensitivity in measuring HTGC even at low levels (55). Furthermore, we expanded our analysis
by combining linear regression with correlation and biochemical pathway analysis methods to
construct a comprehensive atlas of metabolomic profiles of HTGC and an atlas for men and
women separately. A limitation of our study was the selection of only individuals of white
ethnicity from a high social economic status area, which limits generalizability to other ethnic-
ities and social status. Another limitation of our study is the lack of biological validation. Future
studies with liver biopsy samples will aid in validating our findings. However, studies on NAFLD
are extensive but usually focused on specific metabolites such as amino acids or lipids. Our
study itself can be considered as a validation of the various results from the previous literature
by taking advantage of the wide range of the metabolites from various biochemical pathway
classes. The GSMM network provided useful insight into the biochemical relation between
the metabolites associated with HTGC and their intermediates. The directionality of the edges
in the network, however, is based on knowledge regarding the thermodynamic reversibility
of the corresponding reactions and makes no assertion about causality or potential associ-
ation with HTGC. Although the GSMM network provides some information regarding known
gene-pathway associations, genetic analysis for some HTGC or metabolite related SNPs would
have benefited our study. Finally, further investigation for sex differences in the number of
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metabolite associations with HTGC levels, particularly for postmenopausal women, requires a
larger longitudinal study for validation.

6 CONCLUSION

In this study, we conducted a cross sectional analysis in 496 middle aged men and women to gain
insight the metabolomic profile associated with hepatic triglyceride accumulation as assessed
by H-MRS. We used a hypothesis-free approach to study a myriad of metabolites associated
with HTGC using an untargeted platform that measured 1,363 metabolites. Using this platform,
associations were found between 118 well-known, lesser-known, and novel metabolites with
HTGC levels. These findings were combined by pathway analyses using a correlation driven
network (GGM) and a biologically driven network (GSMM) to create an atlas of metabolites
associated with HTGC. Analysis of these networks indicated strong associations between the
BCAAs, diglycerols, ceramides, and sphingomyelins pathways with HTGC levels. These pathways
were additionally found to reject the null hypothesis of the closed global test when using the
FIB-4 index as the outcome. In addition, our atlas of networks, enriched with pathway knowledge,
provided interesting insights regarding pathways associated with HTGC. These included the
pathways connecting BCAA and BCAA derivates, the flux between the ceramide species (i.e.,
HCER and LCER), sphingomyelins and their dihydro forms, and the potential novel pathway
linking glutamate with the novel metabolites metabolonic lactone sulfate and X-15245. Thus,
our atlas is potentially essential for understanding metabolomic profiles associated with liver
fat accumulation. In turn facilitating further studies to find causal links between the metabolites
reported here with liver fibrosis.
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Table 1: Characteristics of the participants from Leiderdorp with metabolomics and HTGC measurement.
Continuous variables are represented by mean (SD) unless stated otherwise; dichotomous variables are
represented by percentage (%). Abbreviations: HTGC, hepatic triglyceride content; IQR, interquartile range; CVD,
cardiovascular disease; HOMA1-IR, homeostatic model assessment index for insulin resistance.

Total Men Women Women Women
All All Postmenopausal Premenopausal
n 496 233 263 159 104
Age (years) 55.8 (6) 55.9 (6.2) 55.6 (5.8) 59.4 (3.8) 49.9 (2.7)
HTGC (mean; median [IQR]) 6.1;2.74 [1.36, 7.5;4.18 [2.18, 4.8;1.79 [1.08, 5.5;2.09 3.8;1.36
6.75] 9.74] 4.27) [1.23,5.90] [0.89, 3.17]

HTGC >= 5.56 (%) 153 (30.8) 96 (41.2) 57 (21.7) 43 (27.0) 14 (13.5)
BMI (kg/m?2) 25.9 (4.1) 26.6 (3.4) 25.3 (4.5) 25.5 (4.4) 25.0 (4.7)
Total Body Fat 30.6 (8.3) 24.5 (5.1) 36.1(6.5) 35.2 (6.7) 36.6 (6.4)
Aspartate Transaminase (IU/L) 24.4 (6.6) 25.6 (6.2) 23.2 (6.6) 24.0(5.9) 22.0(7.5)
Alanine Aminotransferase (1U/L) 25.3(51.4) 28.9 (11.8) 22.2(9.2) 22.8(7.7) 21.2(11.0)
Platelet Count (10°/L) 236.2 (11.0) 219.1 (47.2) 252.3 (50.2) 251.1 (492) 254.1 (51.8)
Alcohol Consumption (g/day) 14.2 (15.9) 19.5(19.3) 9.4 (10) 9.7 (9.8) 8.9 (10.3)
Smoking (%)

Never 202 (40.7) 89 (38.2) 113 (43.0) 59 (37.1) 54 (51.9)

Former 237 (47.8) 117 (50.2) 120 (45.6) 81(50.9) 39(37.5)

Current 57 (11.5) 27 (11.6) 30 (11.4) 19 (11.9) 11 (10.6)
HOMA1-IR 2.6 (2.4) 2.92(2.9) 2.2(1.7) 2.4(1.7) 2.02 (1.8)
Hypertension (%) 183 (36.9) 96 (41.2) 87(33.1) 59 (37.1) 28 (26.9)
CVD (%) 21 (4.3) 11 (4.7) 10 (3.8) 8(5.1) 2(1.9)
Fasting plasma glucose (mmol/L) 5.5(1.0) 5.63 (1.2) 5.3(0.9) 5.5(0.9) 5.09 (0.5)
Serum triglycerides (mmol/L) 1.2(0.8) 1.5(0.9) 1.0 (0.6) 1.1(0.7) 0.9 (0.5)
LDL (mmol/L) 3.6 (1.0) 3.6 (0.9) 3.6 (1.0) 3.4(0.8) 3.4(0.7)
HDL (mmol/L) 1.6 (0.5) 1.3(0.3) 1.8 (0.4) 1.8 (0.4) 1.8 (0.4)
Cholesterol (mmol/L) 5.7(1.1) 5.6 (1.0) 5.8(1.1) 5.3(0.8) 5.6 (0.8)
Hypertension Medication (%) 95 (19.2) 43 (18.5) 52 (19.8) 39 (24.5) 13(12.5)
Lipid Lowering Medication (%) 41 (8.3) 26 (11.2) 15(5.7) 15 (9.4) 0(0.0)
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Figure 1: Comparison of the point estimates and confidence intervals for the 118 metabolites associated with
HTGC in the primary analysis and the sex stratified analysis. The first ring shows the effect estimates in the sex
combined analysis. The second ring shows analysis in women; and the final ring is for the men stratified analysis.
Hollow circles are estimates that are not significant (p-value < 6.5E*). Metabolites are grouped by super pathway
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Figure 2 Beta-Beta plot comparing the effect estimates of 118 metabolites associated with HTGC. Overall, effect

estimates of the metabolites were stronger in women than men.

Metabolite Betas in Women
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Figure 4: Genome scale metabolic model-based network showing how metabolites (nodes) that are significantly
associated to HTGC are related to each other via biochemical reaction paths (edges). Metabolites are color
coded according to their b value, where red indicates a positive b and blue a negative b. The network also
contains metabolites that are not associated with HGTC but that lie in the conversion path between significant
metabolites. Intermediate metabolites that have not been measured are colored white. To facilitate the
interpretation of the network visualization, all intermediates of the traditional pathways of glycolysis, BCAA
degradation and the Krebs cycle have been added, irrespective of whether they have been measured or not.
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8 SUPPLEMENTARY MATERIALS:

8.1 Study Design

The Netherlands Epidemiology of Obesity (NEO) study is a prospective, population-based
cohort study aimed at investigating the pathways leading to obesity-related conditions (1)y(yy.
During the period between 2008 and 2012 a total of 6671 participants aged 45—-65 years, with
an oversampling of overweight persons, from the Leiden greater area were included. Persons
aged between 45 and 65 years with a self-reported body mass index (BMI) of > 27 kg/m? were
invited to participate through letters from their general practitioner and municipalities, as well
as through local advertisements. Additionally, all inhabitants aged 45—65 years from one munic-
ipality, Leiderdorp, were invited irrespective of their BMI.

Approximately 35% (n = 2580) of the NEO participants without potential magnetic resonance
imaging contra-indications were randomly selected to undergo direct assessment of the hepatic
triglyceride content (HTGC) by proton magnetic resonance spectroscopy (*H-MRS), which was
described in detail in our previous work(1, 2).

Participants were invited for a baseline visit at the NEO study center of the Leiden University
Medical Centre (LUMC) after an overnight fast. Prior to this study visit, participants completed
a general questionnaire at home to report demographic, lifestyle, and clinical information. Data
regarding alcohol intake (g/day) and menopausal status for women was recorded from the
participants response in the questionnaire. Participants were asked to bring all medication they
were using in the month preceding the baseline study visit and research nurses recorded names
(e.g., lipid-lowering medication) and dosages of all medication. Participants came to the research
site in the morning and completed a screening form, asking about anything that might create
a health risk or interfere with MRI (most notably metallic devices, claustrophobia, or a body
circumference of more than 1.70 m). All participants underwent an extensive physical exami-
nation, including anthropometry and blood sampling. The percent body fat of the participants
was estimated by the Tanita bio impedance balance (TBF-310, Tanita International Division, UK)
without shoes and one kilogram was subtracted to correct for the weight of clothing.

8.2 Untargeted Metabolomics Measurements

Fasting state serum samples of the Leiderdorp general subpopulation which had a normal
BMI distribution (N=599 in total) from the NEO study were sent for untargeted metabolomics
measurements at Metabolon Inc. (Durham, North Carolina, USA) using Metabolon™ Discovery
HD4 platform. In brief, this process involves four independent ultra-high-performance liquid
chromatography mass spectrometry (UHPLC-MS/MS) platforms (3, 4). Two platforms use
positive ionization reverse phase chromatography, one uses negative ionization reverse phase
chromatography, and one uses hydrophilic interaction liquid chromatography (HILIC) negative
ionization (4). Known metabolites were annotated at Metabolon Inc. with their chemical names,
super pathways, sub pathways, compound identifiers from various metabolite databases, and
information regarding their biochemical properties.
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8.3 Methods

8.3.1 Imputation and Scaling of Metabolite Relative Concentrations

In brief, for the endogenous and unannotated metabolites we applied the multiple imputation
method and used the outcome variable, HTGC, along with a select number of correlated metabo-
lites as auxiliary variables to generate 5 imputed datasets. Xenobiotic metabolites were imputed
to zero to account for true missingness. All metabolites were natural log-transformed and scaled
on their means during the imputation process (5). Following the imputation, metabolite levels
were range scaled (also known as min-max scaling) by using the differences of the biological
range between the maximum and minimum values for each metabolite and setting the range of
all measured metabolites between -1 and 1. This method of scaling was shown to perform well
for metabolomic data, particularly untargeted metabolomics data with large units of relative
measurement and wide variance between the metabolites. In turn, range scaling provides equal
importance to the metabolites in a more biologically relevant manner (6).

For each imputed dataset we performed the regression to assess the association between
HTGC and each measured metabolite independently. Each metabolite was used as the exposure
variable with the HTGC as the outcome in univariate linear regression analyses. Furthermore, we
adjusted for sex, age, total body fat, alcohol intake, and lipid lowering medication. The results
of the regression analyses in the imputed datasets were subsequently combined using Rubin’s
rules (7). All estimates represent the effect on the natural log of HTGC levels per one scaled unit
of the metabolite concentration.

To adjust for multiple testing, we applied Bonferroni correction and adopted the method VeffLi
estimate described by Ji and Li (8)to account for the number of independent components under-
lying all 1,363 metabolite measures. This method considers the strong correlations between
metabolites from mutual pathways and the inclusion of multiple isomers of the same metabo-
lites to calculate the effective number of independent variables. Accordingly, 758 independent
variables were identified, and the calculated Bonferroni correction threshold was set to 0.05/758=
6.59x10°. The analysis and forest plots were all conducted using R version 3.6.1 (9) and Python
3.7.6 (10). The circular plot was made using the EpiViz R package (11, 12).

8.3.2 Gaussian Graphical Model (GGM)

Significant metabolites from the main analysis and the sex stratified analysis were used to develop
the GGM networks separately. To create the network, we used the full measurements of the
metabolites from our imputed dataset. Since we used multiple imputation, we could only select
one imputed dataset. The correlations between the metabolites were calculated using sparse
Gaussian Graphical Models with graphical LASSO using the glasso function in R (ggraph R package
version 1.6.9) (13) coupled with the Extended Bayesian Information Criterium (EBIC) to tune the
LASSO shrinkage factor (14). EBIC has been reported in simulation studies to perform better than
the standard BIC, particularly for controlling false positivity rates. Here, we set the EBIC tuning
parameter to the default value of 0.5 (wherein a value of 0 uses standard BIC) for a balanced tuning
(15). Based on the correlation coefficients, edges were drawn between the correlated metabolite
nodes with the width corresponding to the coefficient strength. The size of the nodes was deter-
mined by the absolute value of the effect estimate from the multivariable linear regression analysis.
The metabolite nodes were colored based on their biochemical super and sub pathway classes and
organized in ascending order based on their p-values. Visualization and layout of the networks
were created in Gephi and exported as an interactive HTML5 using the sigmaExporter plugin (16).
All GMM networks can be accessed online on https://tofaquih.github.io/AtlasLiver/.
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8.3.3 Genome Scale Metabolic Model-based (GSMM) pathway analyses

We mapped the metabolite names onto a curated version of the Human Metabolic Reactions
database (HMR 2) genome-scale metabolic model (GSMM) (17) and calculated which metabolite
pairs were < 2 reaction steps apart in the model. The GSMM-HMR2 was used to determine the
biochemical interconversions between the metabolites that were measured on the Metabolon
platform. All computations described in this section were performed in MATLAB R2019b.
To facilitate the mapping of metabolomics data to the GSMM, we enriched the model with
compound synonyms and external identifiers from the Chemical Entities of Biological Interest
(ChEBI) database (18), where ChEBI identifiers and synonyms of conjugate acids and bases were
also included. Of the 1067 metabolites with known identity that were quantified, 400 mapped
properly to the GSMM. All reactions and compounds in HMR2 were checked for mass and redox
balance and were adjusted when necessary.

Biochemical interactions between metabolites were determined by converting the GSMM into
a weighted directed graph where nodes represent metabolites and edges represent reactions.
Subsequently all reaction paths between the measured metabolites that involved one or two
reaction steps were determined using a generic path finding algorithm that was developed in
house. To ensure that the reaction paths represented relevant biochemical conversions, each
path was checked for stoichiometric and thermodynamic consistency. In addition, only substrate-
product mappings were considered that involved the transfer of carbon-based moieties, except
for CO2. Therefore, half-reactions involving the transfer of electrons, amino or phosphate groups
were decoupled from the main reaction in the path finding procedure. For example, in the
reaction NADH + pyruvate <=> NAD" + lactate, only NADH and NAD* are linked in the graph
and pyruvate and lactate are linked. Likewise, in the reaction glutamate + pyruvate <=> AKG +
alanine, only glutamate and AKG are linked, and pyruvate and alanine are linked. In this way we
prevented the creation of crowded, highly connected networks in which most metabolites are
connected to a few hub metabolites such as H+, H20, ATP and NADH.

The weight of the edges in the GSMM-based network was set to 1 for all reactions, except
for transporter reactions that transferred compounds over the cellular membranes and (half)
reactions that involved uniquely produced metabolites; both these types of reactions were
assigned a weight of zero. A consequence of the second exception is that linear reaction chains
in which the intermediates were not produced by other reactions were counted as a single
reaction step during the path search. Finally, we added a list of intermediates from the glycolysis,
Krebs cycle and BCAA degradation pathways that could not be quantified on the metabolomics
platform, to prevent gaps in the traditional pathways.

This resulted in a network of connected metabolites that we integrated with biochemical reaction
and pathway knowledge into an interactive HTML/JavaScript document, which can be accessed on
https://tofaquih.github.io/AtlasLiver/. The results from the network analysis include measured
associated metabolites as well as relevant intermediate metabolites regardless of whether they
were measured in the dataset. In addition, the network shows the directionality of the biological
reaction paths for the biosynthesis and degradation of the metabolites and includes details
regarding the involved genes and intermediate reaction steps. Furthermore, for all metabolites
and genes, also those not included in the network, hyperlinks to external databases and gene
expression profiles are provided. Reaction information was enriched by importing tissue-spe-
cific gene expression from the Human Protein Atlas (HPA)(19) and Genotype-Tissue Expression
(GTEX) project(20).

117



PART Il Epidemiological Research and Advanced Data Analysis

8.4 Supplementary Results
Amino Acids Associated with HTGC Independently after Adjustment for Insulin Resistance

Insulin resistance (IR) and HTGC have a complex bi-directional relationship and share overlapping
metabolomic pathways, particularly the amino acid metabolism (21). Both of these disease
are associated with an elevation and dysregulation of amino acids (22)y. However, it remains
uncertain if IR causes HTGC or vice versa (23). To inspect the strong and complex link between
IR, HTGC, and amino acids, we performed a post hoc multivariable linear regression analysis and
adjusted for IR in addition to sex, age, total body fat, alcohol intake, and lipid lowering. In this
analysis we examined 43 metabolites, including amino acids, carbohydrates, metabolonic lactone
sulfate, and vitamin E metabolites. Only 10 metabolites lost their association with HTGC, notably
pyruvate, while a small reduction of the effect estimates occurred for the remaining metabolites.
Overall, the association of the amino acid metabolites with HTGC in our main analysis remained
after adjustment for IR (Supplementary Figure 1).

8.4.1 HTGC Associations with Men, Women, and Post-Menopausal Women

NAFLD has been previously shown to be a sexually dimorphic disease in mice and humans (7).
Moreover, men have a higher risk of NAFLD than premenopausal women and a similar risk as
postmenopausal women, indicating an increased risk of NAFLD after menopause(24-26). However,
it has been shown that postmenopausal women have a higher prevalence of severe forms of
fibrosis than men and premenopausal women(26). This increased risk was found to be associated
with early menarche and estrogen deficiency(25-27). Sex-stratified analysis was performed to
observe the general differences of metabolomic associations with HTGC in men vs women and
premenopausal vs postmenopausal women (Supplementary Figure 1 and Supplementary Figure
2). We performed secondary analyses using multivariable linear regression in women stratified
by menopause and adjusted for age, total body fat, alcohol intake, and lipid lowering medication
(Supplementary Figure 2 and Supplementary Figure 3). We found that the number of associations
and effect sizes effects were even higher in post-menopausal women while only few metabolites
were even associated with outcomes HTGC in the premenopausal women. These findings are in
line with previous findings of increased amino acids, such as glutamate and tyrosine, and increased
lipids, such as triglycerides and phosphatidylcholines, in postmenopausal women (25, 28).

In addition to the general differences between the sex-specific metabolic profiles, several
associated metabolites were not shared between men and women (Supplementary Table 1).
Two metabolites of interest in men were etiocholanolone, and pregnanediol 3-O-glucuronide.
Etiocholanolone glucuronide, a testosterone metabolite(29), and pregnanediol 3-O-glucuronide
were negatively associated with HTGC. However, previous studies on this association show
inconsistent results(26, 30-32).

Overall, directions of all associations are identical in men, pre- and postmenopausal women. The
larger effect sizes in women resulted in a larger number of metabolites associated with HTGC
than in men. However, in our analysis the small sample size in the sex-stratified analyses resulted
in a loss of power. Thus, we did not perform any specific analysis between men and women and
only describe the general observations between the two profiles and provide them as p