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All exact science is dominated by the idea of approximation.

Betrand Russell

Indem ich … dem Bekannten die Würde des Unbekannten gebe,… romantisiere ich es.

Novalis
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1 Introduction
Technical advances have led to an enormous leap in the availability of biological data in life
sciences in the last two decades, opening up new, exciting resources in the treatment and
diagnosis of human diseases by exploiting the multivariate pattern provided by the Omics
technologies. The neologism “Omics” (genomics, epigenomics, transcriptomics, proteomics,
and metabolomics) describes the potential of technical platforms like mass-spectroscopy (MS)
or micro-arrays to deliver a holistic picture of the biological level of interest by measuring a
wide range of features in a quantitative way, thereby allowing a systems biology approach to
physiological or pathophysiological processes.
This dissertation will focus on the level of metabolism, thus, on the analyses of the
metabolome, utilizing metabolic profiles from human spot urine samples from the Study of
Health in Pomerania (SHIP) (Völzke et al., 2011), measured by 1H-Nuclear magnetic
resonance (NMR) spectroscopy. SHIP is a population based, longitudinal cohort study with
extensive phenotyping and standardized biobanking for body fluids like urine or blood and
thereby an ideal platform for complex Omics analyses (see for example Pietzner et al 2016;
Schurmann et al., 2012; Van der Auwera et al., 2016). The dissertation used metabolomic data
from the baseline (SHIP-0, n=4068 with NMR recordings, sampled between 1997 and 2001)
and, for the purpose of replication, data from the independently sampled SHIP-TREND
cohort (n=996 with NMR recordings, 2008-2011). Moreover, a small clinical sample (n=38)
(see Friedrich et al., 2014) was analyzed for the replication and the extension of the results
from the SHIP data, consisting of heavily obese individuals who underwent bariatric surgery
and had metabolomic measurements before the surgery and 12 months later.
Within this dissertation, I will propose a general methodology for deriving prediction scores
with the goal of individualizing phenotypes in medicine. More concretely, the dissertation
delivers one multivariable, metabolomic prediction scores – the metabolic age score (Hertel et
al. 2016) – and a definitional and statistical framework for the individualization of medical
phenotypes (Hertel et al. 2017a). While classical prediction modeling aims at the best
reconstruction of clinical phenotypes, the proposed scores were designed to deliver
information beyond the observed phenotypes targeting the underlying latent, biological trait.
Thus, the metabolic age score aims at a refined quantification of biological age, capturing the
individuality not inherent to chronological age.
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When utilizing metabolomics in medicine, it is of crucial importance to minimize the error
variance introduced by technical factors, data preparation and measurement procedures
(Emwas et al. 2013). Therefore, in addition to the general framework regarding
individualization, the dissertation demonstrates a statistical methodology (see Hertel et al.
2017b) to choose the best (in terms of measurement error) normalization method in spot urine
samples regarding the correction for dilution variation. Thereby, the dissertation contributes to
the field two intuitive and formally correct statistical criteria to minimize error variance in
urinary data, targeting the reproducibility and reliability of results based on urine analytics.
Before summarizing the three manuscripts featured in this dissertation, I will give a short
introduction into metabolomics, measurement techniques and statistical approaches. Within
this introductory paragraphs, I will discuss briefly general aspects and limitations of the
metabolomic work presented here. At the end of these introductory chapters, I present the
essence of the proposed statistical methodology for individualizing phenotypes in medicine
which delivers the abstract, mathematical principle and the rational for the statistical
methodology in behind of the metabolic age score. Then, short summaries of the three
manuscripts will follow. A last concluding chapter closes the doctoral thesis summarizing the
whole dissertation and giving an outlook on further research, subsequent to the work
presented here. The manuscripts then are given in their preprint versions and their
corresponding supplements are added in the appendix.
All shown statistical analyses were conducted by the author of this dissertation.

1.1 Metabolomics
Among the utilized Omics in life sciences, the metabolome is relatively small considering the
cardinal number of species constituting the Omics level. While the genome contains millions
of variants and the transcriptome and the proteome several ten-thousands of species, the
metabolome consists only of a few thousands molecules (Bouatra et al, 2013). The
metabolome consists of all low-weighted molecules found in an organism as a result of
metabolism, nutrition and environmental exposure. This includes normal, endogenous
products of metabolism like amino-acids, carbohydrates, lipids or amines as well as
exogenously derived metabolites nicotine derivates or ethanol which are markers of a certain
behavior or environmental exposure (e.g. smoking and alcohol intake). The metabolome is
usually quantified by nuclear magnetic resonance spectroscopy (NMR) or mass spectroscopy
10

(MS) (see Emwas et al. 2015) in body-fluids like urine, blood, saliva or cerebrospinal fluid
although metabolomics is also performed on a cellular level or on biopsies. The vector of the
various metabolite quantifications is then called metabolic signature or metabolic fingerprint.
These multivariate patterns can be used for statistical modeling or biomarker screenings. As
the metabolic signatures can be seen as holistic pictures of the metabolism of an organism at a
certain point of time (Yu et al. 2012), the metabolome contains measurable information about
basic physiological processes like the Krebs cycle as well as behavioral traits of the
individual. Consequently, it has been shown that the metabolome is influenced by genetic
variation (Shin et al., 2012; Suhre et al., 2011) on the one hand, but it is also largely
influenced by lifestyle on the other hand (Daslakaki et al, 2015; Jaramek et al., 2013; Menni
et al., 2013).
This combination makes the metabolome a very interesting platform for deriving diagnostic
tools in medicine (Duarte et al., 2014), as diseases, especially common diseases, are often a
product of behavioral aspects and the individual (epi)genetic predispositions. Consider for
example obesity, one of the main health risks in western societies (Global Burden of
Metabolic Risk Factors for Chronic Diseases Collaboration (BMI Mediated Effects) et al.,
2014). Overweight itself has a known genetic component (Locke et al. 2015), but it is also
caused by high caloric diet and a lack of physical activity (Zhang et al., 2014). Accordingly,
the metabolome is strongly influenced by overweight (Elliot et al. 2015; Foerster et al. 2015;
Moore et al. 2014; Reinehr et al. 2015) and has been used with relative success to predict and
describe obesity related human diseases like type 2 diabetes (Friedrich, 2012), hypertension
(Nikolic et al., 2014) or kidney diseases (Goek et al. 2014). Following the same line of
arguments, metabolomics has been applied with promising results to a very wide range of
medical conditions including the main causes of death in western communities, cancer
(Wishart et al., 2016) and cardiovascular diseases (Kordalewska and Markuszewski, 2015).

1.2 The Dynamic Nature of the Metabolome: the Metabonome
One central features of the human metabolome is its dynamic nature (Krug et al., 2012). Due
to the dynamic nature of the metabolome, metabolic signatures are not stable intraindividually as they depend not only on physiological traits, but also on a number of
physiological states. Studies which target a dynamic aspect of the metabolome are called
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metabonomic. Consequently, the entity of the dynamic metabolomic potentials is called the
metabonome (Everett et al. 2015).
One of the most important dynamic factors influencing the metabolome is nutrition (Menni et
al. 2012; Heinzmann et al., 2012). Nutrition influences strongly metabolic pattern in blood
and urine, especially as the metabolome has a significant microbiotal component (He et al.
2016). In this respect, metabolic profiles reflect metabolic activities of the human
superorganism, including the metabolism of the microbiome which is itself influenced by diet
(Shoaie et al. 2015). Thus, variations in nutrition will not only change directly metabolic
profiles, but also via the human microbiome.
However, nutrition is not the only dynamic factor with impact on metabolic profiles.
Medication can be tracked down in the metabolome. Not only the breakdown products of the
drug or the drug itself can be detected with metabolic platforms, but also the metabolic
alterations triggered by the drug can be explored by metabolomics. Actually,
pharmacometabonomics (Everett et al. 2015, Nicholson et al. 2012) is a very intriguing
subfield in metabolomics aiming at the characterization of the consequences of drug-taking
with the final goal of minimizing unwarranted side-effects and identifying the conditions of
treatment response.
Furthermore, metabolic profiles vary with the daytime as the circadian rhythm controls many
metabolic processes (Chua et al. 2013). The circadian rhythm, however, is not the only
biological rhythm inducing alterations in the metabolome. The female cycle has been
associated with differential metabolic profiles (Wallace et al., 2010) and, because the
transcriptome is influenced by seasons (De Jong et al. 2014), the metabolome will be likely
influenced by seasons, too. Another dynamical factor is physical activity (Daskalaki et al.
2015) which has been shown to lead multiple changes in human physiology including central
metabolic pathways like oxidative stress response and glycolysis.
Actually, the dynamics of the metabolome has been used for a long time in medicine for
diagnostic purposes. The oral glucose tolerance test (Ye et al. 2012) capitalizes on the
disturbed dynamic reaction of the metabolic system on glucose challenge in diabetes. This is a
perfect example where a disease is evident in the dynamic range of the metabolome, the so
called metabonome.
Nevertheless, when constructing diagnostic methods based on the metabolome like the scores
featured in this dissertation, the dependency of metabolic profiles on dynamic factors can be
12

troublesome. Most of the diagnostic models are based on one-time metabolomic
measurements. Thus, the reproducibility of the results in other settings is questionable as little
is known in general about the time dependency of the applied metabolomic models, although
some of the factors above can be eliminated by strict standardization of the sampling
procedure (Emwas et al. 2015). This is a central limitation to all statistical models developed
on one-time metabolomic measurements (Hertel et al. 2016), even if they were subject to
robust external replication.

1.3 The Metabolic Space - Combining Metabolomics and Metabonomics
For these reasons, the often used term “metabolic fingerprint” (referring to the genetic
fingerprint of an individual) seems to be misleading as it is difficult to justify the term
“fingerprint” in the light of an oscillating system. Therefore, I will propose the term
“metabolic space”. The metabolic space of an individual is defined by the set of metabolic
profiles an individual could have. Mathematically speaking, we can formalize the metabolic
space as a subset of the vector space with each metabolite being a dimension. A concrete
metabolic profile is an element of this vector space. However, not every metabolic profile is
equally likely for all individuals and some values are clearly impossible. For example, it
might be possible for women to have the same creatinine values in serum as men, but it is not
likely. It is therefore very sensible to see metabolic profiles as random variables and to
conceptualize the metabolic space as a probability space with individual probability densities.
The density describes the likelihood to get a concrete metabolic profile at a random point of
time. The dynamics of the metabolome can now be described as continuous trajectories
within this metabolic space.
Diseases like diabetes will now change the probability density landscape of the individual
metabolic space. This means that certain metabolic profiles will be observed with different
likelihood compared to a healthy individual. For example, glucosurie is more likely in
diabetics than in normal individuals (Marsenic, 2009). Equally, the trajectories through the
metabolic space are affected as one can see by the different reactions to a glucose challenge
by diabetics and healthy individuals. Also, other biologically relevant traits like aging or
obesity will manifest in the trajectories and density functions.
Thus, a classical metabolomic study with a one-time point measurement of the metabolome
can ask questions about the probability landscape of the metabolic space. In a case-control
13

design for example, one could explore the possibility that the case condition (mostly a
disease) change the expectation value of the individual metabolic spaces. If the alterations are
large enough, a statistical classification allowing group separation might be possible.
However, due to the within-variability of the metabolic space, such classifications in their
concrete parametrization must be treated with care, especially in designs with low case
number and high numbers of variables, as these designs are susceptible for overfitting in the
statistical methodology. In particular, one has to demonstrate that the applied model possesses
intra-individual stability over time under reasonable standardization. To be clinically
applicable, metabolomic models must have high retest reliability.
A classical metabonomic study, in contrast, can ask questions about the trajectories after a
metabolic challenge (for example the intake of a drug, for details see Everett et al.,2015) or
another intervention like a surgery (for example see Friedrich et al., 2012). Different
trajectories could then be of diagnostic use to classify for example non-responder and
responder to a treatment. Metabonomic studies can also answer questions about the time
stability of metabolomic prediction rules. Consider for example the metabolic age score which
is supposed to measure the biological age of a person (Hertel et al., 2016). One would expect
that the biological age is quite a stable trait and is therefore robust to something like drinking
a cup of coffee, but this is an empirical question and has to be tested. Unfortunately, such
repeated measurement designs are seldom conducted for reasons of economic nature.
Thus, if one is interested to transfer metabolomic results into the praxis the combination of
metabolomic studies with metabonomic designs is not only desirable, but necessary.
Following these arguments, the work presented here (Hertel et al. 2016) contains both
paradigms (metabonomic and metabolomic). The multivariate models (the metabolic age
score) were constructed on one-time metabolomic urinary measurements and can be therefore
characterized as metabolomic models. They were, however, tested on external validity in a
metabonomic design on a small sample of heavily obese individuals who underwent bariatric
surgery and had pre and post-surgery metabolomic measurements. Although validating
prediction scores derived from metabolomic studies in the metabonomic bariatric surgery
paradigm was an important step towards clinical application, further metabonomic studies are
necessary for both scores, before they can be used in the clinical praxis. Especially, the effects
of diet and medication of the prediction scores are unknown (Hertel et al. 2016). For these
reasons, the scores presented here are promising but still have to undergo certain validation
steps before they are applicable in every-day clinical work.
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2 Methodological Aspects
2.1 Aspects of Measurement Techniques in Metabolomics
2.1.1 Comparing Mass Spectroscopy techniques with NMR
Two approaches are mainly used in metabolomics to quantify metabolites in tissue extracts or
body fluids: mass spectroscopy (MS) and NMR spectroscopy. Although these two methods
dominate, there are other possibilities like infrared spectroscopy (Perez-Guiata et al., 2013).
We will focus here on a short comparison between NMR and MS techniques. The technical
background of both methods will not be discussed and can be read elsewhere (Emwas, 2015).
NMR spectroscopy can quantify simultaneously and reliably a wide ranch of metabolites in
bodyfluids, covering all classes of molecules (Boutra et al. 2012). NMR can be used with
minimal sample preparation and one measurement only needs a few minutes to be completed.
A major advantage of NMR is that the measurement itself is non-destructive, thus, a probe
can be used again on another platform. Another advantage of NMR is its robustness (Emwas,
2015). Measuring the same probe twofold will result in the same spectrum. Equally,
measuring the same probe (with the same protocol) on different systems operating on the
same frequency will give nearly perfectly the same results. This reliability makes NMR a
good candidate platform for implementing metabolomics into the clinical setting where
reliability and robustness to technical aspects are critically needed for safe application.
However, besides these major advantages, NMR has severe limitations in the detection of
metabolites with low abundance (Dieterle, 2011). Thus, the number of molecules which can
be quantified is relatively low in comparison to mass spectroscopic methods, especially in
blood matrices where the protein signals interfere with the signals of the metabolites.
Moreover, at the moment there is no fully automated workflow available from the record of
the spectra to the quantification of a metabolite, although there are promising tries (Alonso et
al., 2014). Especially, the problem of the spectral alignment is not solved to complete
satisfaction (Vu and Laukens, 2013).
In contrast to NMR, MS techniques are very sensitive, even to low concentrated metabolites
and can therefore cover in general more species than NMR. While the number of species
covered by NMR seldom exceeds one-hundred, MS platforms can measure several hundreds
of metabolites (Lawton et al., 2009). However, the technical variability in MS measurements
is much higher than for NMR. MS measurements suffer from severe batch effects and from
15

potentially very limited retest reliability. This technical variability decreases the statistical
power of screening for biomarkers strongly and limits the clinical applicability (Sampson et
al., 2013). In research, however, MS techniques are often the platforms of choice due to their
wide range of metabolites covered (Emwas, 2015).

2.1.2 Untargeted and targeted approaches
Both, NMR and MS, can deliver holistic untargeted and targeted metabolomic data. The term
“untargeted” means in the context of metabolomics that a metabolic profile (in this case all
available spectral variables) is accessible for multivariate analyses, but no information is
given about the metabolites in behind of the spectral variables at first hand. For example in
untargeted NMR spectroscopy, one would get a vector of usually a few hundreds peak
intensities or spectral integrals without knowing to which metabolite a signal refers. In
targeted metabolomics, in contrast, a list of pre-specified metabolites is quantified while the
rest of the spectral data is discarded. While targeted metabolomic data is easier to interpret
and the identification of metabolites from untargeted data can be tedious, one might miss
important information in the model construction and might not get the optimum from the
spectral data.
The metabolic age score (Hertel et al. 2016) was built on targeted NMR data, concretely on
59 metabolites quantified with the commercial software Chenomx NMR suite (Chenomx Inc.,
Edmonton, Canada). The utilization of these 59 metabolites was not driven by theory, but by
availability. Having that said it is clear that the scores cannot be optimal regarding the
metabolomic predictors included. Many interesting metabolites which may be informative
regarding the health consequences of aging were simply not measured and thus not available
for modeling. Not only the metabolites were missing which are not accessible by NMR in the
urine in general, but also classical NMR metabolites like p-cresol sulfate (Collino et al., 2013,
Swann et al., 2013) which were not covered by the Chenomx panel. Thus, despite the
promising performance, metabolic age score can be probably optimized substantially.
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2.2 Paradigms of statistical analyses
2.2.1 Prediction Modeling vs. Risk Modeling
In principle, two different statistical paradigms can be applied to metabolomic and
metabonomic data: multivariate classification and prediction or biomarker screening
(explorative or confirmative). In studies with the aim of a classification, the whole vector of
the metabolic profile is used in a multivariate model like the partial least squares discriminant
analysis (Korman et al. 2012). These studies are often accomplished utilizing highly
standardized case-control designs. In contrast, in biomarker screening each metabolite is
tested separately, typically in a regression controlling for a set of covariates (like age, body
mass index and so on). This leads to multiple testing and therefore the p-values are corrected
by either Bonferoni correction or by controlling the false discovery rate via the BenjaminiHochberg procedure. Biomarker screening is most often performed on large sampled cohort
data with a lot of ancillary information which allow multiple adjustments for potential
confounders (for an example on alcohol intake see Jaremek et al., 2013).
The differentiation between these two paradigms refers to the well-known difference in
epidemiological research between a prediction model and a risk model (Harrel, 2001). While
in prediction modeling the parametrization of the model is not of interest and the main goal is
to classify or predict a condition (e.g. the disease under consideration) with the highest
accuracy possible, the risk model delivers a quantification of the risk associated with a single
variable (in metabolomics a single metabolite). It is important to recognize that these two
questions will lead to two different statistical workflows and that one cannot answer the “risk
question” via a prediction model or vice versa (Steyerberg, 2009). For example, in prediction
modeling the inclusion of variables is generally not driven by theoretical assumptions about
some causal relations, but the mere predictive value. In contrast, in a risk model the reason to
include a variable into the model is related to some thoughts about the causal relations
between the variables. Thus, the parametrization of a prediction model is generally not
interpretable (Steyerberg, 2009) while for a risk model (containing all relevant covariates) the
parametrization of the variable of interest is interpretable.
The metabolic age score developed in this dissertation can be characterized as prediction
score. Thus, the aim of this dissertation is not to identify biomarkers of aging, but to utilize
the age related signatures in the metabolome for constructing scores which then are predictive
for survival and display the multi-morbidity associated with age. Therefore, the interpretation
17

of the parametrization of the scores is very limited and one cannot derive biomarkers for
aging from the scores.

2.2.2 Multivariate Prediction Modeling in Metabolomics
The statistical modeling of metabolomic data in the literature is dominated by methods based
on principle component analysis (PCA) or partial least squares (PLS) methodology (Korman
et al, 2012; Gromski et al. 2015). Beside these two complexes of methods, machine learning
algorithms like random forest or vector support machines may be utilized on metabolomic
data, however, they are rarely implemented in metabolomic research (Gromski et al., 2015). I
will only discuss the first two methods briefly to motivate the utilization of the statistical
methodology underlying the metabolic age score.
In metabolomic prediction modeling, the metabolic profiles serve as multivariate predictors to
classify and predict conditions. In small case-control designs which are most often used, the
number of variables, usually a few hundred, will exceed the number of observations which is
often less then hundred. For this reason, classical statistical methods from the family of the
generalized linear models are not applicable, as the covariance matrices are not of full rank in
these cases and thereby not invertible. Therefore, methods which reduce the dimension of the
variable space are most prevalent in metabolomic research (Madsen et al., 2010).
The principle component analysis is one of the basic methods for dimension reduction.
Mathematically speaking, a PCA is nothing but an eigendecomposition of the covariancematrix of the metabolite quantifications. More descriptive, it derives linear combinations (the
principle components) of the raw variables which are stochastically independent of each other
and can be ordered by their variance contribution to the variance of whole data. Thus, the first
principle component is contributing the largest part of variance, the second principle
component the second largest part and so on. In general, there are exact as much principle
components as variables, but the last principle components can be discarded as they do not
contain much of information and are often only statistical noise (Filzmoser et al., 2008). Thus,
by choosing the first k principle components one hopes to get all meaningful information.
Subsequently, a regression or a discriminant analysis with the first k principle components as
predictors can be conducted. However, a PCA is an unsupervised method; hence, no
information about the dependent variable is used in the construction process of the principle
18

components which may lead to linear combinations with no meaning for the modeling of the
dependent variable (Madsen et al., 2010).
In contrast, in the partial least squares algorithm the latent variables are derived in a
supervised way (Gromski et al. 2015). The dependent variable is used in the construction of
the linear combinations by maximizing the covariance between the principle components and
the dependent variable. Partial least squares discriminant analysis proved to be very powerful
tool in metabolomics, especially as colinearity among the predictors is not a problem for the
PLS (Gromski et al. 2015).
However, in contrast to classical statistical methods (e.g. regression) no p-values can be
derived analytically and PLS has to be shown to be susceptible to serious overfitting
problems, capable of classifying complete noise (Madsen et al., 2010). Moreover, James et al.
(2013, p.238) noted that PLS regression in comparison to PCA regression does have the
higher standard deviation in the estimates, so one cannot infer a superiority of PLS methods
over PCA methods.
One critical limitation of both methods is their inherent linearity, although non-linear
extension exist for the PLS (for a locally weighted form of the PLS, see Bevilacqua and
Marinin, 2014). Neither the production of metabolites, nor the transport processes
determining the concentrations in body fluids like blood and urine follow linear functions.
One well known example of the non-linearity can be seen in the formulas for estimating
glomerular filtration from serum creatinine which are non-linear in nature with different
coefficients for men and women (Levey et al., 1999; Matsushita et al. 2010). The assumption
of linearity is therefore equally very questionable for traits like age or obesity, although it is
almost never tested in metabolomics.
To take the implicit assumption of linearity to a test, the dissertation developed a statistical
workflow based on ordinary least squares regression with multivariable fractional
polynomials (MFP; Royston and Sauerbrei, 2010) being implemented. This was possible as
the metabolomic data utilized contain only 59 variables, but the number of observations was
4068. The MFP algorithm models non-linearity by testing certain non-linear transformations
of the predictor variables via a deviance comparison against the strictly linear model. Finally,
after an iterative process, the transformations are chosen leading to the best deviance. The use
of a non-linear estimation technique proved to be crucial for the validity of the derived scores.
It should be noted, however, that the workflow presented here based on ordinary least squares
19

is not applicable to small studies. A PCA regression paradigm was also tested in the
construction of the metabolic age score, but it performed considerably worse, probably
because the PCA approach did not reflect the non-linearity of the predictors in an appropriate
way.

2.3 Utilizing Metabolomic Data in Individualized Medicine
As described in the previous sections, metabolomic data-sets have a great potential to provide
tools for an individualized medicine by capturing the individual metabolic responses to a
condition, a disease or a treatment. Metabolomics could also help in diagnosing diseases in an
early state making a well-timed intervention possible which could be critical, especially in
cancers where an early therapy often drastically favors a positive outcome. Moreover, by
identifying via metabolomics individuals with a high risk to develop certain diseases, one
might be able to prevent the progression to the pathologic phenotype by a certain intervention
or monitor the individuals closely to act at the earliest possible moment when necessary.

2.3.1 Refining Risk Factors by Metabolomics: The General Algorithm
The metabolic age score can be considered to be measurement for age-related health risk.
Thus, it could be used for risk stratification and risk monitoring or as outcomes for clinical
trials aiming at risk reduction. While the results regarding the metabolic age-sccore from the
SHIP-study, especially the survival analyses, suggest that such a utilization may be possible,
the discriminative power of the score may not be high enough to be of clinical use, but this
can only be clarified in future work (Hertel et al., 2016). A definite lesson, however, can be
learned from the methodology underlying the score which can be generalized, leading to an
operationalization of individualization.
Classical prediction modeling aims at predicting the outcome variable of interest with highest
possible accuracy (Steyerberg, 2009). However, in the clinical praxis, most of the modeled
phenotypes are risk factors and disease nomenclatures which cannot reflect the individual
ongoing pathophysiology in a certain patient. For example, two persons with the
chronological age of 70 may be at different biological age and, thus, at different risk for
developing cancer. Equally, two individuals with the same body mass index may not be at the
same risk as the body mass index does not reflect the specific tissue composition of the body.
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A prediction model which delivers a perfect prediction of the chronological age is thus not of
interest, but a prediction scores that reflects the variance in biological age not captured by the
chronological age would be of enormous use. Hence, not the prediction score itself and the
predictive ability of the score is of primary relevance, but the biological content of the part of
the prediction score which is independent of the proxy variable. For this reason, the validity of
the metabolic age score is mainly demonstrated by showing the biological meaningfulness of
the proxy (e.g. chronological age) independent parts of the scores (see Hertel et al. 2016). The
abstract steps towards an individualized refinement of a classical risk factor via metabolomics
are therefore the following:
1. Construct a prediction score utilizing the proxy variable as dependent variable and the
metabolic profiles as independent variables.
2. Regress the prediction score on the proxy variable and calculate the residual variable
(the part of the prediction score independent to the proxy).
3. Test the residual variable on biological content utilizing pre-specified criteria.
Note that the construction of the prediction score can be done with any method suitable for
the data. The algorithm is also applicable on other Omics levels. For example, there is no
reason not to use proteomic or transcriptomic profiles for deriving the prediction score. For a
graphical representation of the methodology, see figure 1.

Figure 1: Graphical representation of the algorithm to derive individualized phenotypes.
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2.3.2 A Definitional Framework for the Construction of Individualized Phenotypes
The core of this doctoral thesis is the formal justification of the methodology underlying the
metabolic age score and is given in the second manuscript (Hertel et al., 2017a) featured here.
It delivers a definitional framework concretizing the concepts of individualization, a proxy
phenotype and an individualization instrument. Here, I will shortly discuss some conceptual
aspects of the chosen definitions not discussed in Hertel et al. (2017a).

2.3.2.1 Individualiztion
Hertel et al. 2017a defined individualization as follows.
Definition 1: Individualization (conceptual)
Individualization is the differentiation of subjects showing the same phenotypic
manifestation despite underlying biological differences such that the assigned
differences correspond to the underlying biological differences.
Thus, individualization aims at the internal differentiation of individuals to whom the same
phenotype was assigned. This differentiation however is not allowed to be arbitrary, but it
must reflect biological differences between the individuals. These biological differences have
to be considered as underlying to the phenotype under consideration. This may seem obvious,
but actually the crux is often to conceptualize the underlying biology and often there are many
possibilities to define the biology underlying the phenotype. For example, obesity may be
seen as a risk factor (or even proxy) for metabolic health or it may be conceptualized as a
proxy for caloric intake. In both cases, obesity is clearly not a perfect measure of the
underlying biology as there is the phenomenon of “healthy obesity” (Ahima & Lazaro, 2013;
Eknoyan, 2008) one the one hand and on the other hand people with high caloric intake who
will not display the phenotype ‘obesity’. Individualization will answer different questions in
dependency of the latent biological trait considered in relation to the phenotype. Thus,
individualization needs a context of a phenotype and a biological trait. As demonstrated in
Hertel et al. (2017a), the conceptual clarification of the relation between phenotype and latent
biological trait is necessary to be able to decide which variables are helpful in the process of
individualization.
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2.3.2.2 Transferring the Definition of Individualization to Statistical Terms
In the next step, the definition of individualization was transferred to statistical terms. Before
discussing it, we first have to explicate the meaning of the term proxy phenotype in the sense
of Hertel et al. 2017a.
Definition 2: Proxy phenotype
Let T, X1, X2,…XI be random variables with T representing a latent trait and the Xi
representing observable variables. We call Xi a proxy phenotype for T if
i)

𝑿𝒊 𝑎𝑛𝑑 𝑻 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡: 𝑿𝒊 ⫫ 𝑻
(The observable variable 𝑿𝒊 carries information about the latent biological trait)

ii)

𝑿𝒊 𝑎𝑛𝑑 𝑻 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑔𝑖𝑣𝑒𝑛 𝑎𝑙𝑙 𝑜𝑡ℎ𝑒𝑟 𝑿𝒋 : 𝑿𝒊 ⫫
𝑻| ⋃𝑰𝒋=𝟏,𝒋≠𝒊 𝑿𝒋
(The observable variable 𝑿𝒊 carries information about the latent biological trait
given all other observable variables.)

Thus, we understand a proxy phenotype in the context of the sampled data. Whether a variable
fulfills the criteria of being a proxy phenotype is dependent on the other measured variables.
For example, if one would have quantifications of visceral fat, one may argue that the body
mass index is no longer a proxy phenotype for ‘metabolic health’ as visceral fat mass may
mediate (in the statistical sense of the negation of condition ii)) the effects of the body mass
index completely. In contrast, if visceral fat would not be measured, the body mass index may
be a proxy phenotype for “metabolic health”. The chosen definition thus ensures that a proxy
phenotype is (in the context of the measured variables) directly related to the biological trait
under consideration. It is important to note that we do not state any restriction on the causal
relation between phenotype and biological trait. The proxy phenotype may be a cause of the
biological trait or a consequence or just a correlate. Consequently, we include genotypes in
the class of potential proxy phenotypes. In this nomenclature, we do not follow the classical
phenotype-genotype dichotomy as genotypes may be subject to individualization as well,
because the same genotypic equipment may not lead to the same pathophysiology ongoing in
a patient. Typically, even in monogenic diseases like cystic fibrosis, a wide range of
phenotypic variation can be observed despite the same causal genetic defect. Thus, it is a
clinically meaningful question to ask for the individualization of genotypic information
regarding a disease phenotype.
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Now, we come to the statistical definition of individualization and the definition of an
individualization instrument according to Hertel et al. (2017a).
Definition 3: Individualization (statistical)
Let M, X and T be three random variables. We call the observable M an
individualization in the context of the latent trait T and the corresponding proxy
phenotype X if the following attributes for X,T and M are given:
i)

𝑴 𝑎𝑛𝑑 𝑻 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡: 𝑴 ⫫ 𝑻
(The individualization carries information about the latent biological trait)

ii)

𝑴 𝑎𝑛𝑑 𝑻 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑔𝑖𝑣𝑒𝑛 𝑿: 𝑴 ⫫ 𝑻|𝑿
(The individualization carries information about the latent biological trait given the
phenotype X)
Definition 4: Individualization instrument
Let Z, X and T be three random variables. We call the observable Z an
individualization instrument in the context of the latent trait T and the corresponding
proxy phenotype X if the following attributes for X,T and Z are given:

i)

𝒁 𝑎𝑛𝑑 𝑻 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡: 𝒁 ⫫ 𝑻
(The individualization instrument carries information about the latent biological
trait)

ii)

𝑿𝑎𝑛𝑑 𝒁 𝑎𝑟𝑒 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑔𝑖𝑣𝑒𝑛 𝑻: 𝑿 ⫫ 𝒁| 𝑻
(The phenotype carries no information about the individualization instrument
given the value of the latent biological trait.)

While definition 3 is a direct translation of definition 1 to statistical terms, definition 4 states
the conditions under which a variable is useful in the meaningful differentiation of subjects
displaying the same phenotype via the general algorithm denoted in paragraph 2.3.1. As
explained in detail in Hertel et al. (2017a), statistical models from the class of generalized
linear models approximating a proxy phenotype based on individualization instruments will
yield automatically a variance component in correlation with the underlying biological trait
which is not represented in the proxy phenotype. Once again, we formulated the criteria based
on statistical dependencies and not on causality, although one might think in certain
circumstances in causal terms (in the sense of Pearl, 2015). However, such considerations
would rely on certain axioms of which the causal faithfulness axiom (Dawid, 2009) may be
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most problematic in metabolomic data-set as well as in cases of coarse proxy phenotypes.
The faithfulness axiom states in essence that the causal structure between variables is coded in
the set of statistical (conditional) dependencies among the variables. This is likely not true in
metabolomic data-set as it is known that in feedback systems like biochemical pathways the
correlation structure does not correspond to causal relations (Dawid, 2009).
On the surface, it may seem that individualization instruments and proxy phenotypes are
interchangeable. One might get the idea that if a variable Z is an individualization instrument
in the context of a proxy phenotype X and a latent biological trait T, then the proxy phenotype
X is an individualization instrument for the individualization instrument Z. However, this is
not true, because Z is not restricted to be a proxy phenotype.

Figure 2: Theoretical results from the genome wide association studies (GWAS) on the proxy phenotype X, the
prediction score Y built from individualization instruments Zi, the residual prediction score M after regressing Y
on X and on the individualization variable Zi. T denotes the underlying latent trait variable. The G denotes the
corresponding genetic component of Z, X and T. The individualization variants are these genetic variants which
fulfill the criteria of being individualization instruments. The directed acyclic graphs a., b. and c. display the
Bayesian nets coherent with the criteria of X being a proxy phenotype for T and Z being an individualization
instrument in the context of X and T (for details see Hertel et al. 2017a).

In conclusion, the definitional framework for the construction of individualized phenotypes
delivers conditions under which a metric will be able to differentiate between subjects
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showing the same phenotype in a meaningful way. It delivers the rational for the proposed
general algorithm and poses moreover interesting questions to the practice of ‘ome’-wide
association studies. It follows directly from the definitions that for example a genome-wide
association study (GWAS) on a proxy phenotype will not lead to a set of genetic variants
which will contain only individualization instruments (see figure 2). Thus, for the purpose of
individualizing phenotypes, the typical design of ‘ome’-wide association studies has to be
modified which is an interesting task for future work.

2.3.3 Minimizing the Error Variance
Following the arguments above, a bad proxy might be still very useful for the construction of
a individualization metric. For the mechanism, the R-squared of the prediction score
regarding the proxy is not of primary relevance. A prediction score may be a lousy predictor
for the proxy, but very informative in its residual variance about the latent trait if the proxy
itself is not very informative. However, the error variance of the prediction score not related
to the latent biological trait has to be minimized, because the correlation between the latent
trait and the residual predictor will decrease with higher error variance in the used predictors.
Sources of this error variance in urine metabolomics can be manifold. The metabolite
quantifications will not be perfect, data preprocessing steps like baseline correction in NMR
spectra or alignment procedures can add erroneous variance, the pre-analytic phase may
induce unwanted data variation and, more general, the study design may not control every
relevant interfering variable (for a general discussion of sources of variability, see Emwas et
al. 2014). Thus, when the modeling aims at the development of medical diagnostics, one has
to be very careful in the design and the data-preprocessing, otherwise the statistical models
will be near to meaningless.
The third manuscript featured in this doctoral thesis therefore targets a data processing step
necessary in urine analytics: the correction of the urinary metabolite concentration for the
concrete dilution of the urine sample (Dieterle et al., 2006; Warrack et al., 2009). Several
procedures to do so are reported in the literature and the third manuscript provides two
statistical criteria to decide which dilution correction procedure (often called normalization)
introduces the lowest error variance into the data. The novelty of the paper Hertel et al.
(2017b) relates to the fact that the criteria can be used with the metabolomic variables alone
without ancillary phenotype information. It should be noted however that the methodology is
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based on certain mathematical prerequisites like measurement error structure and implicitly
on the assumption of log-linearity between the dilution correction variable and the raw urinary
concentration. Moreover, the choice of the dilution correction depends on more than statistical
considerations. Thus, although the provided criteria are useful, they have to be considered in
the context of the whole study design (see Hertel et al. 2017b for details).
Concluding, the presented methodology featured in this dissertation is generalizable to all
cases of proxies which are not perfect measurements of a latent trait in behind. The concrete
implementation of the algorithm can be seen in the two manuscripts Hertel et al. 2016 and
Hertel et al. 2017a).
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3 Summaries of the Manuscripts
3.1 Measuring Biological Age via Metabonomics – the Metabolic Age Score (Hertel et al.
2016)
Hertel, J., Friedrich, N., Wittfeld, K., Pietzner, M., Budde, K., Van der Auwera, S., et al.
(2016). Measuring Biological Age via Metabonomics: The Metabolic Age Score. Journal of
Proteome Research, 15(2), 400–410. doi:10.1021/acs.jproteome.5b00561

Contribution statement: JH, HJG, and NF wrote the manuscript; JH analyzed the data and
developed the metabolic age score.

Various studies showed that age influences strongly metabolic profiles in blood matrizes (Yu
et al., 2012; Menni et al., 2013) as well as in the urine (Swann et al., 2013). Moreover, Menni
et al. (2014) demonstrated that the metabolites which were associated with chronological age
were informative for age-related traits, even after the adjustment for chronological age.
Inspired by these results, the idea was developed that it might be possible to derive a
metabolomic measurement of biological age. Before constructing the metabolic age score the
targeted urinary NMR metabolome data set (containing 59 metabolites) was screened for
associations on age. As described in the literature (see Yu et al., 2012) massive differences
between the sexes in the age associations could be found.
However, the second main result from the screening was that most of the age associations
were clearly non-linear (for the examples of threonine and alanine, see figure 3a). A
comparison with the classical linear modeling approach revealed that linear modeling would
result in serious bias (see figure 3b). Thus, the multivariable modeling strategy for delivering
a metabolomic measurement of biological age had to include the possibility of modeling
flexibly the non-linearity. The MFP approach (Royston and Sauerbrei, 2008) was chosen as a
pragmatic solution for this problem.
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Figure 3: Age associations of Threonine and Alanine in the SHIP-0 cohort. A) Sex stratified modeling via
restricted cubic splines. B) Linear estimation with adjustment for sex.

As the general algorithm proposed above require the formulation of testable criteria which can
be used to demonstrate the biological content of the prediction score independently of
chronological age, the literature was searched for criteria for biomarkers measuring biological
age. The criteria most common in the literature were the ones formulate by the American
Federation of Aging Research, featured in Johnson(2006) and Simm et al.(2008):
1. It must predict the rate of ageing. In other words, it should tell exactly where a person
is in their total life span. It must be a better predictor of life span than chronological
age.
2. It must monitor a basic process that underlies the ageing process, and not the effects of
disease.
3. It must be able to be tested repeatedly without harming the person, for example, a
blood test or an imaging technique.
4. It must be something that acts in both humans and laboratory animals, such as mice, so
that it can be tested in animals before being validated in humans.
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While the first two criteria formulate testable conditions, the latter two formulate
requirements of ethical nature. As the metabolic age score was constructed on urine samples
the third criterion can be seen as fulfilled and the forth criterion does not seem of relevance
for metabolic prediction scores. The first and the second criterion were tested on the three
available samples (SHIP-0, SHIP-TREND and the bariatric surgery sample) with urinary
NMR recordings on biological validity.
The part independent of chronological age proved to be informative for several age-related
clinical phenotypes and metabolic alterations in both the SHIP-0 and the SHIP-TREND
sample. Moreover, it was predictive for survival in approximately 13 years of follow up in the
SHIP-0 cohort independently of a set of classical risk factors.
Of special interest were the results on the bariatric surgery sample. The metabolic age score
displayed a very high intra-individual stability between the pre and post-surgery
measurements (r=0.70). This correlation was stronger for the score than for the most of the
single metabolites. The metabolic age score did not change in the one year interval which
might come as a slight disappointment, because one could expect that the surgery might have
the effect of lowering the biological age of the individuals. Interestingly, the score was highly
predictive for weight loss.
Combining the results, one could infer that the metabolic age score indeed captured a latent
metabolic trait related to aging processes which is amazingly stable over a one-year period
despite a drastic intervention of bariatric surgery. The metabolic age score might therefore be
a candidate instrument for risk stratification in medicine and possibly even a target of
intervention. The clinical value of these applications, however, can only be tested in future
research.
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3.2 The Informative Error: a Framework for the Construction of Individualized
Phenotypes

Johannes Hertel, Stefan Frenzel, Johanna König, Katharina Wittfeld, Georg Fuellen, Birte
Holtfreter, Maik Pietzner, Nele Friedrich, Matthias Nauck, Henry Völzke, Thomas Kocher,
Hans J. Grabe
Contribution Statement: JH wrote the manuscript and developed the methodology.

Under review in Statistical Methods in Medical Research (2017)

While a lot of work is done on individualized medicine, there is clear lack of theoretical work
linking the concepts of individualized medicine to statistical terms. This manuscript targets
this deficit by proposing a definitional framework concretizing the meaning of
individualization in statistical terms. The proposed framework then led to a canonical general
methodology to differentiate two individuals showing the same phenotype which was
implicitly already used in the construction of the metabolic age score without clarifying the
assumptions in behind. The core statement of the manuscripts is that the prediction error of
statistical models approximating proxy phenotypes contains always information about the
underlying latent trait which is not represented in the phenotype if the utilized predictors
fulfill the criteria of being individualization instruments. It follows that the model fit is not a
useful criterion when the goal is individualization. It is important to note that concrete
modeling technique (whether vector support machines, PLS methods or OLS regression) is
not important to the validity of the methodology. The main conclusions hold for any modeling
technique based on scalar products (e.g. covariances).
To show the applicability of the methodology, a refined definition of obesity was derived
using standard laboratory parameters as predictors. This refined definition was superior in
prospective survival analyses on cardiovascular mortality in comparison to the classical
anthropometric definition. Although the predictors chosen here are pretty arbitrary and the
results are clearly in need of a replication, this use-case demonstrates that for a successful
individualization Omics data is not a necessary prerequisite.
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The proposed methodology is based on a conceptual clarification of the relations among the
observed variables which has to be done theoretically. Thus, the methodology is not
completely data-driven and biological knowledge has to be respected in the modeling process.

3.3 Two Statistical Criteria to Choose the Optimal Method for Dilution Correction in
Metabolomic Urine Measurements (Hertel et al. 2016c)
Hertel, J., Van der Auwera, S., Friedrich, N., Wittfeld, K., Pietzner, M., Budde, K., et al.
(2017). Two statistical criteria to choose the method for dilution correction in metabolomic
urine measurements. Metabolomics, 13(4). doi:10.1007/s11306-017-1177-z

Contribution Statement: JH wrote the manuscript, derived the statistical criteria and
analyzed the data.

To apply metabolomic prediction models in the clinical praxis, every source of error variance
originating from the pre-processing of the data has to be minimized; otherwise mistakes in the
application will be inevitable. One important source of data variation in the urinary
metabolome which is mostly not relevant is the variance in metabolic profiles due to the
different water content of the urine (Chadha et al. 2001). The water content of the urine is
neither inter- nor intra-individually stable as it is dependent on drinking habits, physical
activity and salt intake. Thus, if one wants to get informative quantification of urinary species,
one has to discount the urinary dilution to get comparable quantifications. Several methods
are used in research and in clinical praxis (e.g. creatinine normalization, integral
normalization, osmolality normalization and so on; see Dieterle et al. 2006 and Warrack et al.,
2009) and the manuscript delivers two criteria to choose the normalization method which
introduces the lowest error variance into the concrete data set.
The two criteria are:
i)

Choose the dilution correction which leads to the highest correlation between the
dilution corrected urinary metabolite concentrations and its blood concentrations.
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ii)

Choose the dilution correction which leads to the highest correlation between the
dilution corrected urinary metabolite concentrations and its raw urinary
concentrations.

The criteria were proved formally for two different measurement error models (multiplicative
and additive) and then tested on consistency on simulations and on the targeted, urinary SHIP0 NMR data. The criteria performed consistently well and the application of the criteria can
be considered to be safe if one respects the statistical prerequisites which are discussed in
detail in the manuscript.
While the manuscript focusses on metabolomic data, the criteria are applicable on all kind of
urinary quantifications. For example, quantifications of trace metals or proteins in the urine
have to be corrected for the dilution, equally. Thus, the criteria might be of interest in urine
analytics in general. Moreover, the abstract principle in behind (the analyses of the
correlations of raw quantifications and normalized quantifications) may be applicable to other
Omics levels, too.

4 Conclusions and Outlook
Targeting the refined risk prediction in medicine, this dissertation provides a general and new
methodology to approach prediction modeling and applies it to metabolomic data. While
classical prediction modeling aims at the highest accuracy regarding the prediction of the
outcome variable of interest, the doctoral thesis showed that in the case of proxy phenotypes it
is more fruitful to look on the biological content of the part of the prediction score which is
independent of the modeled proxy phenotype. This methodology was then explicated in the
second part (Hertel et al. 2017a), delivering a corresponding definitional framework and
proving on these grounds the theoretical value of the proposed algorithm. One concrete
predictive score (the metabolic age score) was developed accordingly and validated on three
independent samples, combining metabolomics with metabonomics (Hertel et al., 2016).
Thereby, the doctoral thesis added to the field not only potentially useful scores for the
quantification of risk related to age and obesity, but also an abstract and generalizable
workflow which can be evenly applied to other Omics data. Moreover, two novel statistical
criteria were discovered (Hertel et al. 2017b) to minimize the error variance introduced by
data normalization to correct for diurnal variation. These criteria will help to generate better
prediction scores with higher reliability.
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While the general methodology is applicable to all not perfectly measured phenotypes in
medicine, the concrete metabolomic modeling has several severe limitations which were
already discussed in the introductory part of the dissertation. Especially, the longitudinal
stability of the scores must be examined, before the scores can be considered for clinical
applications. Moreover, it would be very practical if the scores would exist for untargeted
data. The quantification of 59 metabolites per hand from NMR spectra is time intensive and
therefore economically far from optimal. A score based on untargeted data would be an
important prerequisite for a completely automated workflow from the NMR recording to the
clinician. These two points are the most relevant limitations for the metabolic age score in its
current form.
However, overcoming these limitations would enable randomized clinical trials in which one
could test metabolomic scores on their potential to serve as an outcome parameter. Another
application which could be tested would be the utilization of metabolomic scores to identify
individuals with the need of an intervention as the metabolic age score for example could be
indicative for pre-disease stages which might be unobservable otherwise.
Besides the further validation and the exploration of the clinical value of the metabolomic age
score, other risk factors which can be categorized as incomplete or biased may be used for the
construction of further metabolomic risk scores. Especially, risk factors with a high impact on
the metabolism should be suitable for the application of the developed workflow. Thus, one
could consider deriving a score for kidney function or liver diseases. Preliminary own
analyses utilizing the scripts developed for the metabolic age score show that these endeavors
might be indeed promising. Especially, when combining urine metabolomics with blood
metabolomics, one could expect an individualized quantification of the risk caused by fatty
liver disease or chronic kidney disease.
An interesting further application of the proposed definitional framework for the construction
of individualized phenotypes could be seen in the refinement of the design of GWAS (or
association studies on other Omics levels). It follows directly from the definitions of Hertel et
al. (2017a) that a GWAS on a proxy phenotype will not lead to the identification of genetic
variants consisting exclusively of individualization instruments. Thus, polygenic scores from
summary statistics will be far from optimal. Refining the GWAS methodology taking the
arguments of this dissertation into account may lead to better interpretability of GWAS
results.
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Concluding, the dissertation shows the potential of metabolomic prediction models in
medicine. The presented methodology may provide a translational bridge between the basics
sciences of biochemistry and the clinical sciences as it allows the construction of risk metrics
utilizing the metabolic complexity of an individual. Naturally, despite the promising results, a
lot of research is still be needed, before metabolomic prediction scores like the metabolic age
score can be safely applied in the every-day clinics, but the methods explicated here can be
seen as successful steps towards the goal of an individualized medicine (Grabe et al., 2014).
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Abstract
Chronological age is one of the most important risk factors for adverse clinical outcome. Still,
two individuals at the same chronological age could have different biological aging states
leading to different individual risk profiles. Capturing this individual variance could constitute
an even more powerful predictor enhancing prediction in age-related morbidity. Applying a
non-linear regression technique, we constructed a metabonomic measurement for the
biological age, the metabolic age score, based on urine data measured via 1H-NMRspectroscopy. We validated the score in two large independent population-based samples by
revealing its significant associations with chronological age and age-related clinical
phenotypes as well as its independent predictive value for survival in approximately 13 years
of follow-up. Furthermore, the metabolic age score was prognostic for weight loss in a
sample of individuals who underwent bariatric surgery. We conclude that the metabolic age
score is an informative measurement of the biological age with possible applications in
personalized medicine.

Keywords:
Metabonomics, non-linear regression techniques, aging, SHIP, mortality, NMR,
multimorbidity
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Introduction
The demographic change in populations in Western civilization increases the prevalence of
age-related diseases and disabilities, challenging the health care systems, national economies
and societies1. The modeling and understanding of the biochemical background of aging
could help with developing predictive models that enhance the ability of clinicians to
recognize persons at high risk. Despite the substantial research activities in the last decades,
the complex processes of aging are not fully clarified2. As aging affects a wide range of
biochemical processes, such as inflammation3, proteostasis4, oxidative stress response5 and
energy metabolism6, metabonomics is an interesting tool for characterizing the biochemical
changes with aging.
Metabonomics is conceptualized as a potential key paradigm in modern systems biology7 and
can provide a holistic picture of the human metabolic activity at a given point of time by
measuring a broad range of small molecules that represent physiological and
pathophysiological mechanisms. In doing so, metabolic profiles could be considered to reflect
the genetic determinants on the one hand8 and personal life style and environmental
influences9 on the other hand. Metabolomics has been applied to predict and characterize
common human diseases, especially age-related disorders, such as cancer10, diabetes11,
chronic kidney disease12, Parkinson’s13 and Alzheimer’s disease14, as well as depression15.
The relative success of metabolomics in predicting age-related diseases has led to the
hypothesis that the consequences of aging might be well represented in the human
metabolome themselves.
While most of the studies from the metabolomics field have treated age as a covariate, few
studies16-21 have explicitly examined the impact of aging on human metabolic profiles,
yielding strong evidence for the age-dependency of metabolic profiles. For example, an
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investigation19 based on the serum data of over 6000 individuals showed that a set of 22
metabolites accounted for 59% of the age-variance. Consequently, the authors inferred that
the metabolome could be used as a surrogate for chronological age and demonstrated that
their surrogate even after adjustment for chronological age was correlated with different agerelated traits.
Hence, we hypothesized that the metabolome could provide reliable and valid information not
only about the chronological age but also about the biological age of humans. Chronological
age is a very potent risk factor for disease in general. Even so, two individuals of the same
chronological age could have different aging states as a consequence of individual genetic
biochemical traits and lifestyles. Hence, a metabonomic measurement of biological age that
captures this individual variance could constitute a potential predictor with possible numerous
practical applications in personalized medicine22, e.g., by defining accelerated versus delayed
biological aging. However, it has not been empirically tested whether the human metabolome
contains the necessary information to meet the criteria of being a measurement for biological
age. By operationalizing the criteria mentioned in literature23, we proposed three testable
requirements that such a measurement must fulfill:
1. High correlation with chronological age.
2. Reflection of common known risk-markers for adverse age-related clinical outcomes
independent of the chronological age.
3. Predictive value for the total life span additively to the chronological age.
In this study, we used urine metabolome data from proton nuclear magnetic resonance (1HNMR) spectroscopy to translate human metabolomic profiles into a metabonomic
measurement of biological age. The aforementioned criteria were tested on two independent,
large population-based Caucasian samples from the Study of Health in Pomerania24 (SHIP,
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the SHIP-0 sample for model construction and prospective survival analyses and SHIPTREND sample for the replication of cross-sectional findings). To expand findings to the
clinical setting, we transferred the derived model to one small clinical sample of highly obese
individuals who underwent bariatric surgery25.

Material and Methods
Study Population SHIP-0 and SHIP-TREND
Data from the baseline assessment of the Study of Health in Pomerania (SHIP-0) were used22.
SHIP-0 consisted of adult German residents in northeastern Germany living in 3 cities and 29
communities and had a total population of 212,157. A two-stage stratified cluster sample
(aged 20-79 years at baseline) was randomly drawn from local registries. In total, 4308
Caucasian subjects participated at baseline SHIP-0 (1997-2001), and 4068 of these
individuals had urine NMR measurements. In 2008, a new sample, called SHIP–TREND
(n=4,420), from the same area was independently drawn, and similar examinations as in
SHIP-0 were performed between 2008 and 2012. The objective was to compare two samples
from the same target population that were from different time periods concerning the disease
prevalence and risk behavior24. For a specific SHIP-TREND sub-sample that encompasses
1001 participants without self-reported diabetes, more extensive phenotyping was performed,
including additional laboratory measurements and metabolome analyses. Of these 1001
participants, 996 were characterized by urine 1H-NMR spectra. Furthermore, 389 individuals
(326 women, 63 men) in SHIP-0 and 78 in SHIP-TREND (68 women, 10 men) with a high
urine dilution (urinary creatinine <2 mmol/l) were excluded. The investigations were
performed in accordance with the Declaration of Helsinki, including written informed consent
of all participants. The survey and study methods of the SHIP studies were approved by the
institutional review boards of the University of Greifswald.
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Study Sample Bariatric Surgery
The detailed methodology for the bariatric surgery sample is described elsewhere25. Briefly,
38 heavily obese individuals (27 women, 11 men) with an age between 22 and 60 years who
underwent bariatric surgery (sleeve gastrectomy or Roux-en-Y gastric bypass) had preoperative and post-operative (median follow-up time: 366.5 days, range: 326-428)
metabolomic urine measurements. Four individuals (2 women, 2 men) were excluded due to
high urine dilution. The participants gave written informed consent before participating in the
study, and the study was approved by the Ethics Commission of the State Chamber of
Medicine in Saxonia (EK-BR-14/09-1).
Measurements
Sociodemographic factors and medical history were assessed by a computer-assisted face-toface-interview with similar methodology in SHIP-0 and SHIP-TREND. Smoking was defined
as current smoking and non-smoking. Leisure time physical activity (weekly sportive activity
or exercise, e.g., jogging, biking, and swimming) was assessed by interview in two categories,
no activity (neither in summer nor in winter) and steady activity (>1 h/week as well in
summer and in winter). Having completed the interview, participants underwent medical
examinations, including the measurement of height and weight to calculate the body mass
index (BMI) and waist circumference (WC). All subjects were asked to bring in their packing
containers of all medication they had taken during the last 7 days as well as their drug
prescription sheets. Every compound was recorded and categorized according to the
Anatomical Therapeutic Chemical classification (ATC-Index, 2007). We focused on
antihypertensives (C02, C03, C07, C08 and C09) and anti-diabetic drugs (A10). For bariatric
surgery, sample information on diabetes and anthropometric data were collected from medical
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patient files.
Assays in SHIP-0 and SHIP-TREND
Glycated hemoglobin (HbA1c) concentrations were determined by high-performance liquid
chromatography (Bio-Rad Diamat, Munich, Germany). Triglycerides (TG) were measured
photometrically (Hitachi 704, Roche, Mannheim, Germany) and dichotomized with the cutoff of 2.26 mmol/L as an indication of hypertriglyceridemia26. Urine creatinine concentrations
were measured using the Jaffé method (Hitachi 717, Roche Diagnostic, Mannheim,
Germany). The urinary albumin concentration was determined on a Behring Nephelometer
(Siemens BN albumin; Siemens Healthcare, Marburg, Germany). The albumin-creatinine
ratio (ACR) was calculated and then dichotomized with the cut-off-value of 30 µg/mg
creatinine as an indication of microalbuminuria27. Skilled technical personnel performed all
assays according to the manufacturer´s recommendations.
Follow-up of Vital Status in SHIP-0
For mortality analysis, information on vital status was collected from population registries at
annual intervals from the time of enrollment into the study through September 21, 2011.
Death or failure to follow-up led to censoring of subjects. The number of months between the
baseline examination and censoring was defined as the follow-up length. The median duration
of follow-up was 135.67 months (first quartile: 126.83 months; third quartile: 141.64 months).
Death certificates (coded by a certified nosologist according to the International Classification
of Diseases, 10th version) were requested from the local health authority of the residence of
death. All-cause mortality was the analyzed failure event.
NMR Measurements
In SHIP-0 and in the bariatric surgery sample, non-fasting spontaneous urine samples were
collected, while in SHIP-TREND, fasting (>8 h) urine samples were collected. All specimens
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were immediately frozen at -80°C. After thawing, urine specimens were centrifuged for 5 min
at 3000 g, and the supernatant was used for spectroscopic analysis. To this purpose, we mixed
450 µl of urine with 50 µl of phosphate buffer to stabilize the urinary pH at 7.0 (±0.35). The
buffer was prepared with D2O and contained sodium 3-trimethylsilyl-(2,2,3,3-D4)-1propionate (TSP) as a reference. Spectra were recorded on a Bruker DRX-400 NMR
spectrometer (Bruker BioSpin GmbH, Rheinstetten, Germany) operating at 1H frequency of
400.13 MHz and equipped with a 4-mm selective inverse flow probe (FISEI, 120 µl active
volume) with a z-gradient. Specimens were automatically delivered to the spectrometer via
flow injection. The acquisition temperature was set to 300°K. A standard one-dimensional 1HNMR pulse sequence with suppression of the water peak (NOESYPREAST) was used: RD –
P(90°) – 4 µsec – P(90°) – tm – P(90°) – acquisition of the free induction decay (FID). The
non-selective 90° hard pulse P(90°) was adjusted to 9.4 µsec. The relaxation delay (RD),
mixing time (tm), and acquisition time were set to 4 sec, 100 msec, and 3.96 sec, respectively,
resulting in a total recycle time of ~8.0 sec. Low-power continuous-wave irradiation on the
water resonance at an field strength of ~25 Hz was applied during RD and tm for presaturation. Due to software updates between SHIP 0 and SHI-TREND, two slightly different
protocols were used to record the 1H-NMR spectra. After the application of 4 dummy scans,
32 (64 in SHIP-TREND) FIDs were collected into 32768 (32K) (65536 (64K) in SHIPTREND) complex data points using a spectral width of 20.689 parts per million (ppm). FIDs
were multiplied with an exponential function corresponding to a line broadening of 0.3 Hz
before Fourier transformation. Spectra were processed within TOP-SPIN 1.3 (Bruker
BioSpin). Metabolites were manually quantified by spectral pattern matching using Chenomx
NMR suite 6.1 and 7.0, for SHIP-0 and SHIP-TREND, respectively (Chenomx Inc.,
Edmonton, Canada). Quantifications of 59 metabolites were available for statistical analyses
on all three samples (see supporting information (SI) tables S-1 and S-2). To test the validity
of NMR-quantifications the laboratory creatinine measurement was correlated with the NMR47

based measurement of creatinine. In SHIP-TREND 52 observations showed systematic
departure from corresponding regression-line and were excluded from further analysis. The
correlation of laboratory creatinine to NMR-creatinine for SHIP-0 was 0.96 and for SHIPTREND 0.97 before and 0.99 after removal of suspicious measurements demonstrating the
reliability of NMR-quantification.
Normalization of NMR-measurements
To account for diurnal urine dilution, two different normalization procedures were applied
and multivariable modeling was performed with both resulting sets of variables. To test the
stability of the multivariate estimation procedure two normalization procedures were used.
The first normalization was creatinine normalization, representing current clinical practice.
However, creatinine levels are varying with age and sex and hence might bias subsequent
analysis28. Therefore, we performed probabilistic quotient normalization (PQN) according to
Dieterle et al.28.To that end, spectra were normalized to the TSP signal and then segmented
into n=500 consecutive integrated spectral regions (bins) of fixed width (0.018 ppm),
covering the range from 0.5 to 9.5 ppm. In order to remove effects of variations in the
suppression of water resonance the region 4.5-5.1 ppm was excluded. Signals which were
mainly caused by glucose (explained variance by glucose above 50%) were additionally
excluded in the calculation of the PQN as the glucose signals could be strongly influenced by
diabetes and, thus, bias the PQN. The median binned spectrum was used as reference
spectrum. The probabilistic quotient normalization is by definition dependent on the actual
median dilution of the sample under investigation and multivariate prediction equations
cannot be given in a closed form. Hence, the external replication of models across different
populations based on the PQN is not straight forward. Thus, in the case of comparable
prediction scores among the normalization procedures the creatinine normalized model was
planned to be used for replication.
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Statistical Analysis
Outlier Identification in SHIP-0 and SHIP-TREND
For multivariate outlier-identification, we applied an algorithm proposed by Filzmoser et al.29,
which is based on the principle component analysis derived Mahalanobis distance of the
robustly sphered and standardized metabolite concentrations and has previously been used in
metabolomics research16,30. This algorithm was separately applied for SHIP-0 and SHIPTREND. We defined the mean Mahalanobis distance plus three standard deviations as cut-off.
Sixty-seven observations (38 women, 30 men in SHIP-0, 7 women and 8 men in SHIPTREND) were identified as outliers by this procedure and were excluded from all subsequent
analyses. This algorithm was performed on the metabolites, which could be quantified in
more than 50% of the cases (see tables S-1 and S-2).
Constructing the Metabolic Age score in SHIP-0
To construct a metabonomic measurement for biological age, we performed multiple linear
regression analysis with the 59 metabolites as predictors and the chronological age as an
outcome. We did not perform any predictor selection because it was a priori unclear which
metabolite would be useful in a multivariable prediction model for biological age. Nonmeasurable concentrations were treated as zero. First, we fitted a strictly linear model for each
sex; afterwards, a model that allowed the predictors to behave non-linearly by using the
multivariable fractional polynomial procedure (MFP) allowed for two terms and four degrees
of freedom per variable31. The MFP algorithm only models non-linearities in case the
deviance of the whole model significantly improves under this non-linear approach. This
leads to higher parsimony. Prediction scores were computed for the non-linear models, one
for the creatinine normalized metabolites, another for PQN set. To test the stability of the
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model under different normalizations the prediction scores were compared each other,
examining the correlation of the scores to each other and their parametrization. To obtain a
picture of the metabolomic basis of the model for both normalizations, the prediction scores
were regressed on every single metabolite, which took part in the estimation in 59 sexstratified linear regressions using the MFP. The part of the variance of the corresponding
prediction score that was explained by the single metabolite was taken as the measurement of
importance.
Additionally, we compared our targeted approach with an untargeted model by deriving the
first 60 principle components of the binned spectra (after PQN). Then, we performed principle
component regression with chronological age as outcome applying once again the MFP. The
MFP, in this case, only models non-linear behavior of the principle components which are by
definition linear combinations of the spectral integrals. Non-linearity in the spectral variables
might therefore not be fully respected.
Validating the Metabolic Age score in SHIP-0
To evaluate the goodness of fit and examine possible over-fitting, we performed 10-fold
internal cross-validation with 15 repetitions using a new randomized division of the dataset
each time32. This means that we run the estimation model on 90% of the sample, calculated
the fit on the excluded 10% and repeated this procedure 10 times with newly excluded 10%.
This procedure was then repeated 15 times with a new randomized division. The mean
determination coefficient on the excluded cases represents a robust estimator of model-fit.
Note that this validation-variant is the generalization of the typical test/training-set-procedure,
and it is thought to be superior32. For sensitivity analysis, we run the same procedure in a
subsample excluding persons with self-reported chronic diseases (n=715: diabetes n=384,
cancer n=46, kidney-diseases n=153 and fatty liver n=235) and compared the predictions of
both models. The sex-specific prediction scores for the whole sample were called the
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metabolic age score. In yet a further step, the metabolic age score was decomposed by
regression on the chronological age into a part orthogonal to the chronological age (residual
variable) and a chronological age-dependent part. This orthogonal (hence age-independent)
part represents the possible surplus of the metabolic age score, and it is of special interest as
the higher values could reflect accelerated aging. Numerically, this means, by definition, that
individuals with negative residual values have lower metabolic age scores than expected
given their chronological age, while positive values indicate a higher metabolic age score
compared with individuals of the same age. To check whether these residuals carry usable
information or statistical noise, several age-related clinical phenotypes (diabetes, history of
myocardial infarction, hypertriglyceridemia, use of antihypertensive, adiposity, and
microalbuminuria) and health-related behavioral variables (physical activity and smoking
status) were tested for associations with the age-independent part of the residuals by two-way
ANOVA using sex, the phenotype and the interaction term of sex and phenotype as factors.
Furthermore, HbA1c and the log of the ACR as dimensional variables were regressed on the
age-independent part of the metabolic age score. The normality of the residuals was
graphically tested with Q-Q-plots.
Survival analysis on the age-independent part was performed using Cox-regression and
adjusting for the chronological age, sex, WC, diabetes, smoking, problematic alcohol
consumption, blood lipids, antihypertensive medication and log ACR. The proportional
hazard assumption was tested by analyzing the Schoenfeld-residuals. Furthermore, we fitted
analogous accelerated failure time models using a log-logistic parameterization to test the
validity of the results in models that did not depend on proportional hazards. Robust standard
errors were used in all regressions. For visualization, Kaplan-Meier curves of the tertiles of
the metabolic age score (age-independent part) were drawn and compared using the log-ranktest.
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Replication of the Results in SHIP-TREND
We used the exact equation estimated on the SHIP-0 sample to construct the metabolic age
score on the SHIP-TREND sample. We correlated the metabolic age score with the
chronological age to test the stability of the model. We computed the age-independent part of
the metabolic age score, adjusting for the fasting-time to decrease the possible differences
between the two samples caused by the fasting-status. The resulting residual-variable was
then tested again on associations with the same age-related phenotypes and the same
statistical methodology as in SHIP-0, excluding the history of myocardial infarction being
responsible for a small number of cases in SHIP-TREND (n=7).

Testing the Metabolic Age score on the Bariatric Surgery Sample
Again, the same exact equation was applied on the bariatric surgery sample. Two metabolic
age scores (pre/post) were calculated and correlated with the chronological age. Furthermore,
we tested whether the surgery impacted the metabolic age score and whether the metabolic
age score (pre) was predictive for the outcome of the surgery (reduction of BMI) in a linear
regression with the post BMI as an outcome and the age-independent part of the metabolic
age score as a predictor, adjusting for baseline BMI, sex and diabetes.
All statistical analysis was performed with STATA 10/MP.

Results
The population characteristics for SHIP-0 and SHIP-TREND are given in table 1. Men and
women differed descriptively in a number of variables, including diabetes, adiposity and
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smoking. The characteristics for the analyzed subpopulation with NMR measurements after
outlier removal were comparable to the whole SHIP-0, although more women were excluded
from the analysis due to high urine dilution (creatinine levels < 2 mmol/l, see SI table S-3).
SHIP-0 and SHIP-TREND differed significantly in the proportions of the variables sex,
smoking, physical activity, hypertriglyceridemia, diabetes, microalbuminuria and history of
myocardial infarction, while the populations were comparable in their adiposity, body-massindex (BMI) and age. The descriptive statistics for the metabolites are given in the SI tables S1 and S-2 for SHIP-0 and SHIP-TREND, respectively.
The Metabolic Age score in SHIP-0
Based on SHIP-0, we constructed a metabonomic measurement of biological age by using
sex-stratified multivariable linear regressions with 59 creatinine normalized NMR-measured
urine metabolites as predictors and chronological age as the outcome. The strictly linear
multivariable regression reached an adjusted R2 of 0.42 (root mean squared error (MSE)
=12.82) and 0.49 (root MSE=11.72) for men and women, respectively. In contrast the MFPbased regression had an adjusted R2 of 0.56 (root MSE=11.19 for men) and 0.61 (root
MSE=10.37 for women), and it considerably outperformed the strictly linear model.
Therefore, the non-linear model was used for all of the following analyses. We called the sexspecific prediction-scores of the fractional polynomial-derived model the metabolic age score
(for exact equations of the metabolic age score, see SI equations S-1). Tenfold internal crossvalidation supported the model-fit (averaged R2 on the excluded cases: 0.51 for men and 0.58
for women), indicating that the model did not suffer severely from overfitting.
The metabolic age score was consistently highly correlated with the chronological age
(r=0.74, p<1.23*10-269 in men; r=0.78, p<3.32*10-277 in women) through the successful
modeling process. The results of the estimation procedure for a subpopulation with
individuals without chronic diseases (excluded cases: n=715) were comparable to the results
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for the whole population with a correlation between the prediction scores of 0.99 for women
and 0.97 for men, indicating a general robustness of the metabolic age score.
The part of the metabolic age score that was independent of the chronological age (residual
variable after regression on chronological age) had a per construction mean of 0 and standard
deviations (SD) of 7.92 and 8.21 for women and men, respectively. Q-Q-plots (see SI figure
S-1) showed approximate normality for this part of the residuals; therefore, the following
analysis for associations was performed with two-way analysis of variances (ANOVAS),
including the sex and phenotype-sex interaction term as factors. Table 3 shows the
associations of residuals with age-related outcomes. Remember that a positive residual means
a higher metabolic age score than expected given the chronological age. For a graphical
interpretation of these residuals, see figure 1. In SHIP-0, higher residuals were associated with
antihypertensive drugs, adiposity, microalbuminuria, diabetes, hypertriglyceridemia, history
of myocardial infarction and no physical activity. The results for microalbuminuria and
diabetes were furthermore confirmed using the linear association of the log albumincreatinine-ratio (ACR) and the percentage of glycated hemoglobin (HbA1c) as dimensional
variables. The effect of adiposity was modified by sex as indicated by a significant interaction
term (F(1,3604)=3.85, p<0.049) as the metabolic age score was more strongly affected by
obesity in women than in men. This was the only significant interaction term. Even when
accounting for multiple testing by Bonferroni correction, all of the associations (except
physical activity) remained statistically significant. Interestingly, no indication for association
of the metabolic age score with smoking could be identified.
Survival Analysis in SHIP-0
Within the follow-up interval of approximately 13 years, 330 men (17.3%) and 143 women
(8.41%) died. Kaplan-Meier graphs (figure 2) demonstrated that individuals within the second
and third tertiles of the age-independent part of the metabolic age score had lower survival
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rates than individuals within the first tertile. This observation was supported by log-rank test
on equal survival functions (χ2(2)=9.62, p<0.0081 for men; χ2(2)=6.26, p<0.0437 for women;
χ2(2)=14.00, p<0.0009 overall). In multivariable Cox regression models adjusting first for
chronological age and sex and then additionally for the waist circumference (WC), diabetes,
smoking, triglycerides, hypertensive medication and log ACR, the metabolic age score as a
dimensional score was still a significant predictor of all-cause mortality (age and sex adjusted
model: hazard ratio=1.24 per SD, 95%-confidence interval (CI): (1.14,1.35), p<6.827*10-7;
fully adjusted model: hazard ratio=1.18, CI: (1.07,1.29), p<3.02*10-4). The analysis of
Schoenfeld residuals revealed a borderline significant departure from the proportional hazard
assumption (χ2(9)=16.36, p=0.0597). Hence, we fitted analogous accelerate failure time
models using a log-logistic parameterization to test the robustness of our results in a model
that did not rely on proportional hazards. The results were very comparable (age and sex
adjusted model: time ratio per SD=0.86, CI: (0.81, 0.92), p<5.58*10-7; fully adjusted model:
time ratio=0.89, CI: (0.84, 0.95), p<2.60*10-4).
Comparison of the targeted model with the untargeted model in SHIP-0
The principle component based model reached an R2 of 0.46 (linear model: 0.42) for men and
0.48 (linear model: 0.41) for women and, thus, was not as successful as the targeted approach.
Especially, the inclusion of non-linear transformations of the principle components did not
result in a comparable strong enhancement of the model fit. The prediction scores (targeted
vs. untargeted, both PQN) were highly correlated (r= 0.70 for women, r=0.73 for men), but
the metabolic age score based on the untargeted data did not show the full clinical association
pattern. For example, no association to hypertriglyceridemia could be identified
(F(1,3604)=0.02, p>0.9), but smoker seemed to be significantly “younger” (F(1,3604)=26.05,
p<3.50*10-7) questioning the validity of the untargeted model. Hence, for replication the
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targeted model was used. Complete association results for the untargeted model are given in
the SI table S-4.
Comparison of models regarding the normalization approach in SHIP-0
We derived in an analogous way a metabolic age score on the metabolites normed by PQN.
Both normalization led to virtually the same prediction scores (r= 0.96 in women; r=0.94 in
men). Thus, for replication on SHIP-TREND and the bariatric surgery sample the creatinine
normalized parameterization was used. However, the model parameterizations were
completely different leading to different variances explained by the same metabolites.. As
creatinine itself is influenced by age (see SI table S5) the parametrization of the creatinine
based model is presumably not interpretable and therefore not shown. In the PQN model we
observed that in women histidine (30.83%), threonine (25.35%) and glycolate (18.57%) made
the highest contribution in terms of variance to the metabolic age score, whereas in men
glycolate (29.20%), histidine (27.41%) and ethanolamine (19.18%) were most prominent. Full
results are given in the SI table S5.
For the associations to clinical phenotypes the results were virtually the same for both models
as one could expect as the prediction scores were highly correlated. For the PQN model the
results regarding clinical outcome variables are given in the supporting information (SI table
S-6). To explore the statistical mechanism behind the equivalence of the two normalization
approaches we fitted post-hoc a third model using the absolute metabolite concentrations. The
prediction scores were yet again similar to the model based on creatinine normalization
(r=0.96 for women, r=0.93 for men). This result speaks for an implicit representation of the
dilution in the multivariate pattern and indeed the first principle component of the nonnormalized data was highly correlated with the normalization variables (r=0.91 for creatinine,
r=0.84 for the probabilistic quotient normalization variable).
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Replication of the Metabolic Age score in SHIP-TREND
The equation estimated on SHIP-0 was applied to the metabolomic measurements in SHIPTREND. The metabolic age score was computed and decomposed into a part orthogonal to
the chronological age and an age-dependent part. The metabolic age score was highly
correlated in men and women with chronological age (r=0.53, p<2.45*10-32 in men; r=0.61,
p<1.06*10-51 in women), although the coefficients were slightly lower than in SHIP-0. The
part independent to the chronological age was associated with the intake of antihypertensive
drugs, hypertriglyceridemia, microalbuminuria, HbA1c and log ACR, while diabetes, physical
activity and adiposity were not significantly associated. Overall, the effects were seemingly
not as strong as in SHIP-0. Smoking again did not reach statistical significance.
The Metabolic Age score on the Bariatric Surgery Sample
We transferred the same statistical model for the metabolic age score on the Bariatric surgery
sample, calculated the pre/post-surgery score (median follow-up time: 366.5 days, range: 326428) and derived the age-independent parts (reference). Two observations of females were
excluded after computing the metabolic age score because they had numerical negative
prediction scores caused by abnormal dimethylamine levels (1.33 and 18.45 mmol/mol
creatinine) that were lower than any other case in the SHIP-TREND/SHIP-0 samples. The
following analyses were conducted on the remaining 32 cases, including 14 who were
diagnosed as diabetic before surgery. The mean age was 44.99 (SD=10.65) years, whereas the
mean BMI before surgery was 50.10 (SD=7.45) kg/m²; after surgery, it was 33.91 (SD=6.33)
kg/m².
The metabolic age score was strongly associated with the chronological age (pre-surgery:
r=0.61, p<2.11*10-4; post-surgery: r=0.72, p<3.08*10-6). The scores did not differ
significantly between the two points of measurement (t(31)=1.17, p<0.25) and were highly
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correlated with each other (r=0.72, p<4.19*10-6). Interestingly, the correlation coefficients for
the single metabolites between the two time points were lower in general compared with the
metabolic age score (range: -0.28 for taurine to 0.79 for maleate, median correlation: 0.196;
for details see SI table S-7). In linear regression, the age-independent part was positively
predictive (b=0.194, CI: (0.093, 0.294), p<4.2*10-4) for the post-surgery BMI adjusted for the
baseline BMI, sex and baseline diabetes.

Discussion
Inspired by previous work which has shown that the human metabolome not only has an agedependent component16-21 but might be very informative on age-related traits19, we
constructed a holistic measurement of biological age mirroring a broad range of age-related
phenotypes and biochemical age-related alterations via metabonomics. The metabolic age
score is based on 59 urinary metabolites and the score was independent of the method of
normalization. Actually, a model using no correction for dilution at all resulted in an
equivalent prediction score. We provided evidence showing that the normalization variables
were represented in the multivariate metabonomic pattern by the first principle component of
the non-normalized data. This may be the statistical reason why the normalization approach
did not influence the prediction score. If this conclusion is true, most of the multivariate
prediction models out of urine metabolome data could be independent of the method of
normalization. The parameterization, however, was different between the models resulting in
different metabolites of importance in terms of contributed variance, indicating a bias by
creatinine normalization on the level of single metabolites. As the parameterization of the
model was not unequivocal, we refrain from deriving biological meaning out of the
parameterization. We only conclude that the whole set of metabolites led to an informative
measurement of biological age. Whether single metabolites equally fulfill the requirements of
measuring biological age is not decidable from the data presented in this study, although the
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metabolites with a high contribution of variance may be good candidates (see table 3) for
further investigations.
We demonstrated, in three independent samples, that the metabolic age score fulfilled the
requirements of measuring the biological age. First, the metabolic age score correlated
strongly in all tested samples with chronological age, which is necessary for validity. Most
importantly, our analysis revealed that the age independent part of the metabolic age score
was associated with a number of clinical phenotypes in two independent, population-based,
but very different, samples. Therefore, we found evidence for additional biological
information captured by the metabolic age score. In both samples, a higher metabolic age was
associated with kidney malfunction (microalbuminuria, a linear increase of the log ACR), and
higher HbA1c levels, intake of antihypertensive drugs and hyperglyceridemia. Interestingly,
smoking was not significantly related to the metabolic age score. Likely, the information
about the biological age captured by the score is additive to the smoking status and the
biological alterations caused by smoking.
Still, there were differences in the association patterns between the two populations, which
have to be discussed. In SHIP-0, a higher metabolic age score was accompanied by diabetes,
obesity, a history of myocardial infarction and physical activity. These findings were not
replicated in SHIP-TREND. While the replication failed for myocardial infarction because of
statistical reasons (very small number of cases in SHIP-TREND) and the effect of physical
activity was rather small in SHIP-0 and, therefore, non-replication could be expected, the
missing effects of diabetes and obesity on the metabolic age score in SHIP-TREND might be
informative. As the population description (see table 1) indicated, the SHIP-TREND included
more healthy individuals than the SHIP-0 population, which was mainly driven by the
exclusion of individuals with pre-diagnosed diabetes. This led to a decrease in the clinical
variance, resulting in smaller effect sizes of the association between the metabolic age score
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and phenotypes. In detail, individuals who were classified in SHIP-TREND as diabetics based
on HbA1c (above 6.5%) likely did not show a full diabetic phenotype because this would lead
to exclusion from deeper phenotyping, including NMR measurement, in SHIP-TREND. The
strong association between the metabolic age score and diabetes found in SHIP-0 might have
been based on the full diabetic phenotype in later stages rather than on the disturbances in the
early stages of the disease. Nevertheless, the HbA1c levels were still slightly correlated with
the metabolic age score even in SHIP-TREND.
Interestingly, adiposity was equally distributed between the two samples, but the negative
health-consequences of adiposity were heavily underrepresented in SHIP-TREND. Recently,
there has been an ongoing debate on the differential effects of obesity33. The missing
association between adiposity and the metabolic age score in SHIP-TREND could result from
recruiting individuals with healthy obesity. Therefore, the metabolic age score could possibly
add valuable information for separating healthy from unhealthy obesity, but this hypothesis
remains to be tested. However, it should be noted that protocols for sampling and processing
the urinary data differed between SHIP-0 and SHIP-TREND. Therefore, we cannot eliminate
the possibility that the non-replication of results was also influenced by methodological
effects.
The validity of the metabolic age score was further supported by the predictive value of the
metabolic age score for all-cause mortality in a 13-years follow-up interval in SHIP-0. The
predictive value was additive to other known risk factors, such as diabetes, WC, log ACR,
triglycerides, antihypertensive medication and smoking, as shown by multivariable Cox
regression and an analogous accelerated failure time model. This finding is important because
it complements the previously reported cross-sectional associations by providing prospective
evidence.
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Summarizing the results on SHIP-0 and SHIP-TREND, the metabolic age score represents at
least some facets of “metabolic” multimorbidity that accompanies aging at baseline
assessment. Thus, the metabolic age score met all aforementioned criteria of being a
measurement of biological age in the SHIP-0 sample.
To test the metabolic age score on a clinical sample, we transferred the estimated model
equation to a sample of heavily obese individuals who underwent bariatric surgery and had
pre/post-surgery metabolomic measurements. The score was not significantly influenced by
the surgery. This may be unexpected as bariatric surgery was found to be altering metabolic
processes in complex way including cardiac metabolism34, microbiome35 related metabolism
and fatty acid oxidation25. However, bariatric surgery decreases not only the risk of
cardiovascular events34, but it also increases inflammation and cytotoxic stress35. Thus, the
direction of change of the metabolic age score it is not clear at all. Longer follow up intervals
are probably needed to enlighten these patterns.
The statistical model on the bariatric surgery sample was robust in terms of the correlation to
chronological age and prospective measurements. The metabolic age score was far more
stable longitudinally (correlation pre/post-surgery>0.7) than most of the measured single
metabolites, indicating that the metabolic age score potentially measured some steady latent
biochemical traits that are hidden in the multivariate metabolomic patterns. This is a
fundamental criterion that is normally not met by single metabolomic biomarkers as intraindividual variance is usually high36, hindering their clinical application.
Moreover, higher metabolic age before surgery was significantly associated with a lower
reduction in the BMI after surgery. As obesity is the consequence of genetic and biochemical
traits in combination with excessive eating behavior37, one could argue that the metabolic age
score might capture a trait aspect of obesity, which remains largely unchanged by bariatric
surgery and influences weight loss. These findings underline the potential of the metabolic
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age score as a clinical prediction instrument because differentiating between diverse types of
obesity could assist in realizing a more personalized approach to the therapy of obesity-related
morbidity.
Limitations and Strengths
The application of non-linear estimation procedures for the metabolic age score provided
reliable and robust estimates, as shown by internal cross-validation, sensitivity analysis on
subsample, excluding individuals with chronic diseases, and external validation in
independent samples. We performed analyses on large general population samples with
different sample characteristics and methodology (fasting vs. non-fasting); therefore, the
results and the computational model may be generalizable to other Caucasian samples. Still,
the estimation procedure can most likely be optimized for fasting samples.
Despite the general robustness of our results, there are some potential limitations. Our model
was built on cross-sectional data. Thus, per definition, our model cannot estimate the
metabonomic dynamics with aging within an individual. Whether the metabolic age score
remains valid in the face of longitudinally metabonomic data is an important question for
upcoming research. In the SHIP-0 cohort, as in previous metabolomic research on general
population16,30, we excluded a large number of cases being multivariate outlier, reflecting the
inhomogeneity of metabolomic profiles in general population where data is still sparse38. The
sources of this inhomogeneity were not explored by this study, but of course, when thinking
about clinical application of the metabolic age score, it is critical to know in which conditions
the estimation procedure might fail due to this inhomogeneity. It is conceivable that our
specific model is not applicable to other ethnic groups, but the estimation procedure in general
should lead to comparable results. The methodological issues and differences in sample
characteristics prevented a strict replication of the results in SHIP-TREND. The collected
urine samples were non-fasting samples in the discovery sample SHIP-0 which could enhance
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the error variance in our models. However, the non-fasting state reflects a common real life
situation and could add meaningful variance to our model as well. Still, it would be important
to know for the assessment of the metabolic age score, how dietary conditions influence the
metabolic age score and aging processes in general, as this could be a target for intervention.
Urine metabonomics by NMR spectroscopy has the advantage of robust and reproducible
measurements, which is highly recommended for clinical applications, but NMR
measurements are known to be less sensitive than mass spectroscopy. Therefore, we cannot
rule out that further metabolites would enhance the performance of the metabolic age score by
including additional age-related traits. Furthermore, we did not use the whole NMR spectrum
for modeling, but a commercially available set of metabolites in which certain metabolites are
missing. For example, 4-cresol-sulfate and phenylacetylglutamine were not included into
analysis, but both have been independently linked to aging processes by two studies 20,21. It is
conceivable that, in an analogous way, an age score can be constructed without metabolite
quantification using the raw spectral information, although the standard statistical modeling
used for untargeted analyses may not be appropriate for modeling biological age. Here, we
showed that an untargeted principle component based model was inferior to the targeted
approach. When extracting information out of the whole spectrum, statistical methods are
relying on linear modeling like the partial least squares (PLS) or principle component
regression (note that both methods are closely related to each other39). In contrast, one
important step in modeling biological age was the use of non-linear transformations. The
development of computational efficient and statistical valid methods to include non-linearities
into principle component equations in a flexible way might prove an important methodical
future step in general as principle component derived methods might not work well in the
presence of non-linearities40.
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Nevertheless, our results demonstrate that our set of metabolites performed reasonably well in
describing biochemical alterations due to aging, which is quite promising considering further
methodological improvements. Our cross-sectional analyses were complemented by the
longitudinal survival analyses, underlining the biological validity of the metabolic age score
approach.
Conclusion
In all, we could demonstrate that it is feasible to capture biologically meaningful metabolic
information within a single score on aging derived from NMR-measured urine metabolites.
We expect that there will be a variety of clinical applications in predictive and preventive
medicine41. In a more personalized approach, it could serve as a precise estimator for the
individual risk of age-related diseases and tailoring individualized interventions. As biological
age is a potential covariate in many biomedical issues, the metabolic age score could serve as
an important covariate to reduce additional confounding. In principle, the metabolic age score
given by the SI equations S-1 could directly be translated into clinical practice if the NMRtechnique is available because urine can easily be collected. Still, the metabolic age score
naturally has to undergo further clinical and population-based validation, before it can be used
for decision making in individualized medicine.
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Tables
Table 1: Sample characteristics of SHIP-0 and SHIP-TREND
Sample SHIP-0 used for
NMR analyses1
women
men
1700
1911
48.44(16.23) 50.65(16.55)

Sample SHIP-TREND used
for replication
women
men
456
394
49.48(13.52) 49.86(14.24)

p-value2

0.001
N
0.9240
Age, mean years (SD)
Waist circumference,
mean cm (SD)
83.31(13.23) 95.68(11.64) 83.41(12.19) 94.62(11.00)
0.0124
27.10(5.19) 27.90(3.75)
0.4428
BMI, mean kg/m2 (SD)
26.97(5.44)
27.65(4.02)
24.78%
27.66%
0.906
BMI ≥30, %
26.88%
25.10%
20.44%
22.65%
1.18*10-7
Smoking, %
26.83%
34.02%
74.34%
72.08% 4.517*10-60
Physical activity,%
43.57%
40.86%
25.45%
28.51%
0.749
Use of Antihypertensiva, %
25.53%
27.46%
1.29(0.66)
1.59(1.02) 3.43*10-30
Triglycerides, mean mmol/L (SD)
1.59(1.08)
2.13(1.64)
Hypertriglyceridemia
(>2.26 mmol/L), %
17.88%
33.23%
6.80%
17.51% 1.12*10-18
3.51%
3.56%
1.2*10-10
Diabetes, %
8.78%
12.36%
Myocardial infarction
in the past, %
1.36%
5.29%
0.44%
1.27%
5.21*10-5
Microalbuminuria
(ACR>3.5mg/mmol),%
13.68%
14.55%
8.36%
7.95%
2.12*10-4
SHIP = Study of Health in Pomerania, BMI = body-mass-index, SD = standard deviation, NMR = nuclear
magnetic resonance, ACR = albumin-creatinine-ratio. 1Sample after outlier detection and removal of cases with
creatinine levels < 2 mmol/L.2 p-values for comparisons of proportions (Chi-squared test) and means (two-sided
t-tests) between SHIP-TREND and SHIP-0.
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Table 2: Main metabolomic contributor to the metabolic age score in SHIP-0 probabilistic
quotient normalization

Glycolate
Histidine
Ethanolamine
Threonine

Men
Contributed
Variance
p-Value
29.20% 5.33*10-144
20.34%
3.23*10-95
19.18%
2.93*10-89
8.28%
6.18*10-38

Women
Contributed
Variance
p-Value
18.57%
7.62*10-77
30.83%
5.41*10-137
10.93%
8.21*10-44
25.35%
6.96*10-109

Contributed variance determined by multivariate fractional polynomial regression of the
metabolic age score on single metabolites. Contributed variances do not behave additive due to
shared variance between metabolites. P-values for significance of contributed variance from
ANOVA.
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Table 3: Associations of the age independent part of the metabolic-age score
p-value1 direction of effect

N(cases) N(control)
SHIP-0
Categorial phenotypes (binary)
4

Physical activity
4

Smoking

5

Diabetes

F
1515

2080

1.45

0.01

cases „younger“

1101

2494

0.99

0.32

n.s

120.04

1.68*10

-27

cases "older"

4.46*10

-13

cases "older"

384

Intake of Antihypertensiva

4

Hypertriglyceridemia2
3

Adiposity

3214

955

2642

52.81

938

2673

23.02

1.67*10-6

cases "older"

12.22

-4

cases “older”

-5

cases “older”

-11

cases "older"

10.48

1.23*10-25

Linear increase

8.56

-18

Linear increase

936

History of myocardial infarction
Microalbuminuria

6

4

2675

123

3464

450

Dimensional phenotypes

2875
N

HBA1C

44.46

4.57*10
3.03*10

t

3594

Log ACR

16.66

5*10

3325

8.94*10

SHIP-TREND
Categorial phenotypes

F

4

Physical activity

623

227

0.53

0.3353

n.s.

Smoking

455

1241

0.78

0.3788

n.s.

Diabetes5

30

819

0.04

0.8367

n.s.

230

619

3.04

0.0408

cases "older"

100

750

8.91

0.0029

cases "older"

222

628

0.19

0.6617

n.s.

51

574

3.10

0.0394

cases "older"

1.66

0.049

Linear increase

4.68

-5

Linear increase

4

Intake of Antihypertensiva
Hypertriglyceridemia

2

3

Adiposity

Microalbuminuria

6

Dimensional phenotypes
HBA1C
Log ACR

4

N

t

849
625

8.94*10

P-values were derived from two-way ANOVA with, phenotype, sex and phenotype-sex interaction-term as
factors for categorical outcomes and analogous regressions for dimensional phenotypes with robust standard
errors. All analyses in SHIP-TREND were done on fasting-time corrected residuals. n.s. = not significant.
ACR=albumin-creatinine-ratio. 1p-value in SHIP-0 two-tailed, in SHIP-TREND (replication) one-tailed.
2
Defined as TG above 2.26 mmol/l. 3Adiposity equivalent to BMI over 30 4Self-reported. 5Defined as
HbA1c>6.5 or use of antidiabetic medication. 6Defined as albumin-creatine ratio above 3.5mg per mmol
creatinine.
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Figures

Figure 1: Graphical representation of the age-independent part of metabolic age score.
Scatterplot is constituted by the metabolic age score on the y-axis and chronological age on
the x-axis. Red line indicates the corresponding regression line. The grey area marks the 95%
confidence interval. The red arrow denotes for the corresponding observation the ageindependent part of the metabolic age score (the residual variable when regressing the
metabolic age score on chronological age).
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Figure 2: Kaplan-Meier curves for survival in SHIP-0. The blue line indicates the first tertile
(the individuals with lowest metabolic age given their chronological age), the red line the
second tertile and the green line the third tertile of the metabolic age score. Survival functions
were not equal according to log rank test (p<0.0009).
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Abstract
For the goal of individualized medicine, it is critical to have clinical phenotypes at hand
which represent the individual pathophysiology. However, for most of the utilized
phenotypes, two individuals with the same phenotype assignment may differ strongly in their
underlying biological traits. In this paper, we propose a definition for individualization and a
corresponding statistical operationalization, delivering thereby a statistical framework in
which the usefulness of a variable in the meaningful differentiation of individuals with the
same phenotype can be assessed. Based on this framework, we develop a statistical workflow
to derive individualized phenotypes, demonstrating that under specific statistical constraints
the prediction error of prediction scores contains information about latent biological traits not
represented in the modeled phenotype of interest, allowing thereby internal differentiation of
individuals with the same assigned phenotypic manifestation. We applied our procedure to
data of the population-based Study of Health in Pomerania to construct a refined definition of
obesity, demonstrating the utility of the definition in prospective survival analyses.
Summarizing, we propose a framework for the individualization of phenotypes by shifting the
focus in the assessment of prediction models from the model fit to the informational content
of the prediction error.

Keywords: personalized medicine, prediction modeling, measurement error, directed acyclic
graphs, obesity, individualization
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1 Introduction
The classificatory systems and thus our nomenclatures of health and disease like the ICD-10
are not designed to deliver the full pathophysiological picture of an individual patient [1-3].
The same is true for a broad range of classical risk factors like age or the body mass index
(BMI) which can be seen as proxies for underlying pathophysiological processes, but they can
clearly not be identified with the underlying biology [4-6]. From a conceptual point of view, it
is therefore the difference between our phenotypes (mostly nomenclatures and risk factors)
and the actual pathophysiology ongoing in a patient which represents a major obstacle in the
development of individualized metrics describing health and disease. For the goal of
personalized medicine, statistical modeling should therefore aim at delivering metrics fitting
to the individual biology instead of delivering the best fit to an observable phenotype.
Moreover, when thinking of economic pressure in modern health systems, data-driven
predictors would have to prove a substantial informational surplus in comparison to the
classical risk assessments and diagnostic procedures to be accepted and refunded [7]. For
example, there would be no reason to spend money on quantifying the urine metabolome [8]
or the epigenome [9] to measure biological age if the simple question “How old are you?”
would deliver the same information as a potentially complicated and expensive Omics
analysis.
This paper deals with the question how to generate such individualized metrics of health and
disease and how to test their validity. We will present a definitional statistical framework and
derived a generally applicable workflow to individualize risk factors and phenotypes, by
shifting the criterion of successful modeling from the model fit to the informational content of
the prediction error. Utilizing measurement error theory [10, 11], we prove that the prediction
error can be used for meaningful internal differentiation of individuals showing the same
observable phenotype if certain statistical prerequisites are fulfilled. We shall note that our
arguments have been implicitly already used in biomedical research, especially in the
construction of biological age measures, without clarifying the underlying assumptions and
methodology [8, 9, 12-14].

2 Theoretical background
In this part, we concretize our understanding of individualization and introduce the statistical
concept of an individualization instrument. We define the concept of individualization as
follows:
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Definition 1: Individualization (conceptual)
Individualization is the differentiation of subjects showing the same phenotypic manifestation
despite underlying biological differences such that the assigned differences correspond to the
underlying biological differences.
This definition of individualization makes thus only sense conceptually if a bijection between
phenotype and biology is not possible. If this would the case, the phenotype could already be
called individualized. We will therefore assume in the following paragraphs that at least some
aspects of the underlying biology are not observed. Before transferring the definition of
individualization to statistical terms results, we concretize the term proxy phenotype:
Definition 2: Proxy phenotype
Let T, X1, X2,…XI be random variables with T representing a latent trait and the Xi
representing observable variables. We call Xi a proxy phenotype for T if
iii)

𝑿𝒊 𝑎𝑛𝑑 𝑻 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡: 𝑿𝒊 ⫫ 𝑻
(The observable variable 𝑿𝒊 carries information about the latent biological trait)

iv)

𝑿𝒊 𝑎𝑛𝑑 𝑻 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑔𝑖𝑣𝑒𝑛 𝑎𝑙𝑙 𝑜𝑡ℎ𝑒𝑟 𝑿𝒋 : 𝑿𝒊 ⫫
𝑻| ⋃𝑰𝒋=𝟏,𝒋≠𝒊 𝑿𝒋
(The observable variable 𝑿𝒊 carries information about the latent biological trait
given all other observable variables.)

By this definition, we include genotypes into the class of proxy phenotypes as long as they are
observed. In the context of individualization, this makes sense because individuals having the
same genotype may differ in their biology regarding a certain latent trait. Thus, the classical
differentiation between genotype and phenotype has no meaning inside our framework. We
translate now the above made definition of individualization into statistical terms.
Definition 3: Individualization (statistical)
Let M, X and T be three random variables. We call the observable M an individualization in
the context of the latent trait T and the corresponding proxy phenotype X if the following
attributes for X,T and M are given:
iii)

𝑴 𝑎𝑛𝑑 𝑻 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡: 𝑴 ⫫ 𝑻
(The individualization carries information about the latent biological trait)
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iv)

𝑴 𝑎𝑛𝑑 𝑻 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑔𝑖𝑣𝑒𝑛 𝑿: 𝑴 ⫫ 𝑻|𝑿
(The individualization carries information about the latent biological trait given the
phenotype X)

In the context of metric phenotypes and metric latent traits, we call M individualization
metric. Next, we derive conditions under which a variable Z associated to X may be useful in
deriving individualizations.
Definition 4: Individualization instrument
Let Z, X and T be three random variables. We call the observable Z an individualization
instrument in the context of the latent trait T and the corresponding proxy phenotype X if the
following attributes for X,T and Z are given:
iii)

𝒁 𝑎𝑛𝑑 𝑻 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡: 𝒁 ⫫ 𝑻
(The individualization instrument carries information about the latent biological
trait)

iv)

𝑿𝑎𝑛𝑑 𝒁 𝑎𝑟𝑒 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑔𝑖𝑣𝑒𝑛 𝑻: 𝑿 ⫫ 𝒁| 𝑻
(The phenotype carries no information about the individualization instrument
given the value of the latent biological trait.)

This collection of statistical dependencies corresponds to three possible Bayesian nets which
can be visualized by directed acyclic graphs:
a. Z←T→X
b. Z→T→X
c. Z←T←X
These directed acyclic graphs may have causal interpretations and it may be helpful to think
of these relations in causal terms (in the sense of [15]), but we do not rely in our framework
on the notion of causality. It follows from i)-ii) directly that 𝑿 ⫫ 𝒁 and 𝒁 ⫫ 𝑻|𝑿. The latter
means that the individualization instrument Z contains information about T in individuals
showing the same phenotypic occurrence. Thus, an individualization instrument is a statistical
individualization in the sense of definition 3. The converse statement is obviously not true.
Consider the acyclic graph d.:
d. Z→T←X
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In this case, Z is not an individualization instrument, because Z is not independent of X given
T, but Z is clearly an individualization. The justification for the exclusion of the case d. (and
other cases of individualizations) from the definition of an individualization instrument is
given later on when we will discuss the construction of individualized proxy phenotypes from
a set of observable variables.
An example for an individualization instrument is C-reactive protein measures in serum
(variable Z) as a marker for chronic low-grade inflammation in the context of latent trait
biological age (variable T) and the proxy phenotype chronological age (variable X). The
biological age variable T is a function of the chronological age variable X. Chronic low grade
inflammation is a function of biological age and therefore C-reactive protein measures are
dependent on age. By this conceptualization, C-reactive protein measures fulfill the criteria of
constituting an individualization instrument. In this case, the directed acyclic graph c. seems
to be appropriate.
Until now, we abstractly defined the attributes of an individualization instrument in the terms
of conditional statistical independencies. In many clinical applications, however, statements
about metric attributes would be useful or even necessary when the latent trait T and the
phenotype X may be understood as metric variables. In this case, we can interpret the relation
between T and X in terms of measurement error models. Following our definition above,
phenotypes like diseases or risk factors can be conceptualized as proxies for the underlying
latent biological traits. For example, chronological age is for sure a very good proxy of
biological age, but still two individuals of age 70 may have different biological ages because
of individual habits like smoking and alcohol consumption or biological traits like genetic
predispositions. Using measurement error models, a metric proxy phenotype X can be
modeled using equation (1), where T is the latent biological trait variable, and Ec is an
unrelated error term regarding T, following the classical measurement error model [10]:
(1) 𝑿 = 𝑻 + 𝑬𝑪 𝑤𝑖𝑡ℎ 𝑻 ⫫ 𝑬𝒄 , 𝑉𝑎𝑟(𝑬𝑪 ) > 0,
𝑐𝑙𝑎𝑠𝑠𝑖𝑐𝑎𝑙 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 𝑒𝑟𝑟𝑜𝑟 𝑚𝑜𝑑𝑒𝑙 (𝐶𝑀𝐸𝑀).
This is, however, not the only way to conceptualize the relation between an observable proxy
and a latent biological trait. For the example of biological age, it may be more appropriate to
use equation (2) with T being the sum of X and an error term E unrelated to X, also called the
Berkson error model [10, 11]:
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(2) 𝑻 = 𝑿 + 𝑬𝑩 𝑤𝑖𝑡ℎ 𝑿 ⫫ 𝑬𝑩 , 𝑉𝑎𝑟(𝑬𝑩 ) > 0,
𝐵𝑒𝑟𝑘𝑠𝑜𝑛 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 𝑒𝑟𝑟𝑜𝑟 𝑚𝑜𝑑𝑒𝑙 (𝐵𝑀𝐸𝑀).
Whether (1) or (2) is closer to the reality of the data is a conceptual decision which has to be
made anew for each study design and each phenotype. Actually, the BMEM corresponds to
the acyclic graph c. whereas the CMEM is represented by the graphs a. and b.. We can
conclude directly that for an individualization instrument Z and the CMEM 𝒁 ⫫ 𝑬𝑪 holds,
whereas in the BMEM 𝒁 ⫫ 𝑬𝑩 is true. Hence, in the CMEM the non-informative part Ec of
X regarding T is not represented in Z, whereas in the BMEM the informative Eb is represented
in Z.
In conclusion, by understanding phenotypes as proxies for latent biological traits, we can
derive simple conditions in terms of statistical dependencies which identify variables which
will be helpful in the biologically meaningful individualization of phenotypes.

3 An abstract methodology for deriving individualization metrics
After these clarifications, we will explicate the abstract methodology to derive an
individualization metric in the context of a latent trait T and a corresponding proxy phenotype
X regarding using p individualization instruments Z1,….Zp. In the following paragraphs, we
only discuss statistical models derived from the class of the general linear model, but
extensions can be achieved easily. The goal of the methodology is to construct the
individualization metric M as a linear combination of Z1,….Zp such that the square covariance
of T given X with M 𝐶𝑜𝑣(𝑴, 𝑻|𝑿)2 is maximized or at least greater zero. Note that for the
CMEM we get
(3) 𝐶𝑜𝑣(𝑴, 𝑻|𝑿): = 𝐶𝑜𝑣 (𝑴, 𝑻 −

𝐶𝑜𝑣(𝑻,𝑿)
𝑉𝑎𝑟(𝑿)

𝑉𝑎𝑟(𝑻)

𝑿) = (1 − 𝑉𝑎𝑟(𝑿)) 𝐶𝑜𝑣(𝑴, 𝑻).

and for the BMEM
(4) 𝐶𝑜𝑣(𝑴, 𝑻|𝑿) = 𝐶𝑜𝑣 (𝑴, 𝑻 −

𝐶𝑜𝑣(𝑻,𝑿)
𝑉𝑎𝑟(𝑿)

𝑿) = 𝐶𝑜𝑣(𝑴, 𝑬𝑩 ).

Thus, the optimization of 𝐶𝑜𝑣(𝑴, 𝑻|𝑿)2 can be achieved by maximizing the absolute values
of 𝐶𝑜𝑣(𝑴, 𝑻) in CMEM and 𝐶𝑜𝑣(𝑴, 𝑬𝑩 ) in the BMEM. The methodology to derive an
individualization metric M and tests its possible clinical value consists of three steps.
Step 1: Predict X using Z1,….Zp and derive the prediction score Y
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We use our predictors to construct a prediction score approximating X, for example we
predict chronological age with the Zi. As the Zi are conditional independent of X given T, any
linear combination of Zi will be conditional independent of X given T as long as the
estimation of the coefficients will not introduce dependence, but this is generally not the case
in the class of linear models. Consider for example the ordinary least squares (OLS)
multivariable regression of X on Z=(Z1,…Zp) and X satisfying the CMEM. Then, the
prediction score Y is given by
(5) 𝒀 = 𝒁((𝒁𝑻 𝒁)−𝟏 𝒁𝑻 𝑿) = 𝒁 ((𝒁𝑻 𝒁)−𝟏 𝒁𝑻 (𝑻 + 𝑬𝑪 )) = 𝒁((𝒁𝑻 𝒁)−𝟏 𝒁𝑻 𝑻)
as

𝒁𝑻 𝑬𝑪 is the null-vector because of 𝑿 ⫫ 𝒁𝒊 | 𝑻. Thus, Y is independent of 𝑬𝑪 . This

argument is evenly true for Y being a linear combination of the principle components of 𝒁𝒁𝑻
or a linear combination of directions derived by partial least squares (PLS) algorithms or any
kind of kernel regression.
In essence, every Y being element of the linear span of Z will be itself an individualization
instrument. This argument is equally true for the BMEM. From equation (5), another
important feature can be seen. The regression score Y is actually equivalent with the
prediction score which one would derive when one would know the latent trait T and regress
it on the Zi. Thus, under the assumptions of OLS regression, Y is the optimal model (in terms
of mean squared error) regarding T given the predictor set Zi. This attribute would be lost if
any of the Zi would violate the requirement of being conditional independence of X given T.
Moreover, a Zi which would not be correlated to X would not contribute to Y. Therefore, the
definition of individualization instruments secures that all Zi are correlated with X.
Step 2: Regress Y on X and derive the corresponding residual variable
We derive now the prediction error orthogonalized to X by regressing the prediction score Y
on X and we define this residual variable as the individualization variable M as we are most
interested in information about T captured by Y given X. Therefore, we regress Y on X and
derive the prediction error in this way. We will now demonstrate for both, the CMEM and the
BMEM, that
(6) 𝐶𝑜𝑣(𝒀, 𝑻|𝑿) = 𝐶𝑜𝑣(𝑻, 𝒀|𝑿).
̂ after regressing Y on X
We write down the residual variable 𝒀 − 𝒀
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̂ = 𝒀 − 𝐶𝑜𝑣(𝑿,𝒀) 𝑿.
(7) 𝑴: = 𝒀 − 𝒀
𝑉𝑎𝑟(𝑿)
̂ ) in the case of the CMEM follows:
For the covariance 𝐶𝑜𝑣(𝑻, 𝒀|𝑿) = 𝐶𝑜𝑣(𝑻, 𝒀 − 𝒀
̂ ) = 𝐶𝑜𝑣(𝑻, 𝒀) − 𝐶𝑜𝑣(𝑻, 𝒀
̂ ) = 𝐶𝑜𝑣(𝑻, 𝒀) −
(8) 𝐶𝑜𝑣(𝑻, 𝒀 − 𝒀
𝐶𝑜𝑣(𝑻, 𝒀) −
as

𝑉𝑎𝑟(𝑻)
𝑉𝑎𝑟(𝑿)

𝐶𝑜𝑣(𝑻+𝑬𝑪 ,𝒀)
𝑉𝑎𝑟(𝑿)

𝐶𝑜𝑣(𝑿,𝒀)
𝑉𝑎𝑟(𝑿)

𝐶𝑜𝑣(𝑻, 𝑿) =

𝑉𝑎𝑟(𝑻)

𝐶𝑜𝑣(𝑻, 𝑻 + 𝑬𝑪 ) = (1 − 𝑉𝑎𝑟(𝑿)) 𝐶𝑜𝑣(𝑻, 𝒀) = 𝐶𝑜𝑣(𝒀, 𝑻|𝑿)

≤ 1. For the BMEM, we get

̂ ) = 𝐶𝑜𝑣(𝑻, 𝒀) − 𝐶𝑜𝑣(𝑻, 𝒀
̂ ) = 𝐶𝑜𝑣(𝑻, 𝒀) − 𝐶𝑜𝑣(𝑿,𝒀) 𝐶𝑜𝑣(𝑻, 𝑿) =
(9) 𝐶𝑜𝑣(𝑻, 𝒀 − 𝒀
𝑉𝑎𝑟(𝑿)
𝐶𝑜𝑣(𝑻, 𝒀) −

𝐶𝑜𝑣(𝑻−𝑬𝑩 ,𝒀)
𝑉𝑎𝑟(𝑿)

𝐶𝑜𝑣(𝑿 + 𝑬𝑩 , 𝑿) = 𝐶𝑜𝑣(𝑻, 𝒀) − 𝐶𝑜𝑣(𝑻, 𝒀) + 𝐶𝑜𝑣(𝒀, 𝑬𝑩 ) =

𝐶𝑜𝑣(𝒀, 𝑬𝑩 ) = 𝐶𝑜𝑣(𝒀, 𝑻|𝑿) ≠ 𝟎.
Thus, the residual variable correlates with the latent trait and contains an informational
surplus in addition to the observable phenotype. Hence, the residual (7) fulfills the criteria of
being an individualization metric in the context of T and X. For the CMEM, the residual M is
actually the optimal (in OLS terms) individualization metric reachable given the set of Zi. In
the case of the BMEM, it is easy to see that M is not the optimal model, because an OLS
regression of the Zi on T directly would yield a different prediction score with higher fit to
T|X. However, the construction of the optimal model would require either observing of Eb or
T. Hence, the proposed methodology cannot deliver the optimal individualization in the
BMEM, but, still, the model M is informative beyond the observable phenotype and thus of
potential clinical value.
In the context of individualization, the orthogonalized prediction error M is therefore not
something to reduce, but to utilize as it represents the individualizing information regarding T
not represented in X. Logically, a model which would predict X perfectly cannot be used for
individualization and in the consequence, the model fit of a prediction rule regarding the
phenotype X is not necessarily a good indicator of its meaningfulness in the sense that it
delivers information not represented in X. One has to look on the informational content of the
residuals after regressing Y on X.
Step 3: Demonstrate the informational content of the residual variable derived in step 2
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This step is the crucial step to demonstrate the validity of the above derived metric M.
Although we already have seen that the residual variable M derived in step 2 has a covariance
with the latent trait T and is therefore informative beyond the proxy X in a statistical sense, it
is not clear whether the induced correlation is large enough to be practically meaningful
which refers to the explained utilitarian aspect of individualization in the clinical context.
Moreover, the critical prerequisite that the Zi are individualization instruments which cannot
be tested empirically may be violated, invalidating the methodology. Therefore, one needs
other observable variables which correlate with T to check the validity of the derived
individualization metric M. The logic in behind is simply that if M is informative for T then
they should be informative for any variable related to T. The concrete procedure of step 3 is
dependent on the conceptualization of the latent trait T. For example, for biological age it
makes absolutely sense to demonstrate the predictive value of the residuals derived in step 2
in survival analyses, but for Alzheimer’s disease (with X being the formal diagnosis of
Alzheimer’s disease) it may be suitable to take neuropsychological measures or imaging
markers for validation. Note that of course the parametrization of the score Y has to be
numerically stable to be potentially valid in the sense of step 3. Thus, overfitting is to be
avoided, e.g. by including penalty terms in the including cost function.

4 Practical Example: Deriving a refined definition of “obesity” in the large
population-based Study of Health in Pomerania (SHIP)
Now, we will apply our methodology to real life data from the SHIP cohorts [17] and
construct a refined definition of “obesity” in comparison to a pure anthropometric definition.
As it is clear that obesity, while being one of most potent risk factor besides age in Western
societies, is not sufficiently described by anthropometric measures [18-20], this example is of
clinical interest. . The SHIP project includes population samples from north-eastern Germany
with longitudinal and comprehensive medical phenotyping. Here, we will use the SHIP-0
cohort (n=4308) which was sampled between 1997 and 2001 and had follow-up survival data
until 2015. The investigations were performed in accordance with the Declaration of Helsinki,
including written informed consent of all participants. The survey and study methods of the
SHIP studies were approved by the institutional review boards of the University of
Greifswald. For details on SHIP, see Völzke et al (2011) [17] and the supplementary material,
describing sampling strategies, measurements and phenotyping. The sample characteristics of
SHIP-0 can be found in table 1. All data used here can be applied for via www.communitymedicine.de free of charge.
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Step 1: Predict the waist circumference using measures indicative of metabolic health
and derive the prediction score Y
For the goal of deriving a refined measure of obesity, we extracted eight measures associated
with metabolic health. These measures were the glycated hemoglobin percentage, systolic
blood pressure, cystatin C, C-reactive protein measures (high-sensitive), triglycerides, total
cholesterol to high density lipoprotein cholesterol ratio, red blood cell counts and white blood
cell counts. Complete information on these variables was available in 3,547 cases (men=1716,
women=1831). We conceptualize the waist circumference as the phenotype X, the obesity
related metabolic disruptions as T and the named predictors as Zi. The Zi are plausible
individualization instruments, because they are influenced by the metabolic disruptions
caused by obesity. We assume that there is no path directly from the waist circumference to
any Zi, assuming thus conditional independence of the Zi and the waist circumference given
T. In essence, this means we conceptualize the variables in the sense of the BMEM where the
latent trait T is influenced not only by obesity measured by the waist circumeference, but also
by other traits like genetic variants or physical activity.
In the next step, a multivariable regression was fitted with the waist circumference as outcome
variable and the named variables as predictors. We used the multivariable fractional
polynomial (mfp) approach [21] to model potential non-linearity of these variables and fitted
the model for men and women separately, as it is plausible that the used variables may not
behave similarly for men and women [22]. We allowed the transformations X-2, X-1, X-0.5,
log(X), X0.5 X, X2, and X3 with maximal five cycles of iterations. The model reached
convergence after three cycles of iterations in both sexes. For women, the model reached an
adjusted R-squared of 0.43 and for men 0.33. Ten-fold internal cross-validation using 15
repetitions with newly randomized separations supported the model fit and showed no
indication for overfitting as one could expect with around 200 observations per predictor. The
prediction scores were different for men and women in their parametrization and for both
sexes, the final model included several non-linear transformations. The full parametrization
can be found in the supplementary material (tables S1 and S2). Note that the mediocre Rsquared is nothing that concerns us here as it is not the crucial criterion for a good model in
our sense as explained above.
The chosen variables are standard measures of health and widely available over cohort
studies, so replication can be easily conducted. Of course, there may be other variables
enhancing the informational content of the corresponding residual variables, but our aim here
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is to show that even with standard health indicators a refined definition of obesity is possible,
demonstrating on the way the usefulness of our approach to individualization.
Step 2: Regress the prediction score on the waist circumference and chronological age
and derive the corresponding residual variable M
In the next step, we regressed the prediction score described above on the waist circumference
and additionally on the chronological age, separately for men and women in an ordinary least
squares regression. Chronological age was used as covariate here to derive a score
independent of chronological age. Subsequently, we calculated the corresponding residual
variables M. Conceptually, these residuals describe the difference between the individual
waist circumference and the prediction score which was expected given his/her true waist
circumference and her/his chronological age. Thus, these residuals are differentiating between
two persons of the same waist circumference and the residual variable can be seen as
individualization metric. Our theoretical arguments predict that these differentiation correlates
with the true difference in metabolic health between persons of the same anthropomorphic
obesity measure. This claim which is based on not easily falsifiable assumptions, of course,
has to be tested on validity which is done in the third step.
Step 3: Demonstrate the informational content of the residual prediction score on
prospective survival data.
Now, we show that M is indeed informative regarding survival (for details see Supplementary
Material). From the individuals with complete covariate vector, a total of 659 individuals died
in the follow-up interval and the analyzed failure event was cardiovascular related mortality
(206 deaths). In Cox regressions, the residual variable was predictive for survival with a
hazard ratio per point of 1.050 (95%-confidence interval: (1.023-1.077), p=0.0002), adjusted
for sex and age. For the visualization of the effect see Kaplan-Meier curves (Figure 1)
displaying the sex specific tertiles of the residual scores. To achieve easier interpretation of
the individualization metric M, we rescaled M such that one unit represents the same increase
in risk as one unit on the usual BMI scale (kg/m2) conditional on age and sex. Now, we just
summed up the residual variable and the standard BMI variable for a measure of metabolic
health that we call the metabolic BMI. We can now refine common definitions of obesity, for
example by applying a cut-off at 35. For a graphical representation, see figure 2. This
procedure ends in a canonical definition of ‘healthy obesity’ and an ‘unhealthy lean’ status
(see Figure 2). Indeed, when testing this classification in prospective survival analyses, the
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‘healthy’ obese individual had no higher risk (HR: 0.99, 95%-CI: 0.37-2.70,p=0.992) than
‘healthy’ subjects with a BMI<35, while the class of ‘unhealthy lean’ individuals (n=205)
with a BMI<35 had a HR of 2.19 (95%-CI:1.37-3.47,p<0.001). It should be noted however
that the “healthy obesity” group was rather small (n=65). Thus, the reported results as
indicated by the wide confidence intervals have to be treated with care.
In conclusion, by applying our methodology we derived a refined definition of obesity which
was statistically superior in the prediction of cardiovascular death. Thus, regarding the risk of
dying from cardiovascular causes our metric was able to differentiate individuals showing the
same anthropometry and fulfills thereby our definition of individualization.

5 Consequences for Study Design and Statistical Analyses
The basic message from the explicated methodology above is that multivariate prediction
scores contain more information about latent traits than usually utilized and that this
information is extractable and can be used for individualization. This is in its core good news:
it is already possible for researchers to go beyond the usual classification systems of health
and disease, delivering individualized metrics to the clinical sciences. However, this requires
a paradigm shift in the way we evaluate and we build prediction scores. Until now,
researchers are mainly interested in good and stable model fit regarding the phenotypes under
consideration [23-25]. In contrast, we argue that the informative “individualizing” content of
a score lays within its prediction error (orthogonalized to the modeled phenotype) which can
be tested on a set of validation variables (step 3). From a more conceptual viewpoint, one
would not only ask how many cases and controls were correctly assigned to their classes, but
what information is given by the cases that were wrongly classified and what information is
given by the distance to the hyperplane which separates the groups. Our arguments above
show that this could be actually very informative. For a clinical example, it may be that in the
case of cancer, misclassification is in line with a good prognosis. Of course, such bold claims
must be backed up by the corresponding data. This would be only possible if such variables
are part of the study design. Thus, it is clear that the procedure of step 3 should be considered
in the study design (ensuring that the necessary information is acquired). Moreover, the
validation procedure should be strictly pre-specified allowing falsification and a clear
definition of what an individualized measure should satisfy in the context of the research
question and clinical application.
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The construction of individualized phenotypes thus is a further example of the principle “no
biology in, no biology out”. Given the fact that most of our phenotypes cannot be identified
with the biology in behind, the goal of individualization is not reachable by data-driven
procedures alone. The construction of individualized phenotypes implies a conceptual
clarification of the relation among the observed variables and a conceptualization of the
implicitly modeled latent trait.
Our arguments have also an impact on the way the predictors are selected in the modeling
process of the phenotype. Normally, one would choose reliable predictors which correlate
strongly with the observable phenotype [26-28]. We think that this procedure is likely to lead
to a set of predictors not consisting exclusively of individualization instruments. To make this
point clearer, we will introduce here the term “conceptual overfitting” (see figure 3).
Conceptual overfitting arises when in constructing Y a predictor Zi is included which is
related to the phenotype, but is not independent of the observable variable X conditional on
the latent trait T. In this case, the model fit for Y regarding X would be truly higher if Zi is
included, but it would not be necessarily beneficial for the covariance of the residual variable
with the latent trait T. For an example, consider the risk factor BMI which can be seen as a
proxy of metabolic health. However, the BMI is biased regarding the true metabolic status by
muscle mass [20]. Predicting the BMI via metabolomics and including metabolites indicative
for muscle mass (creatinine, branched chain amino acids) would lead to a higher R-squared
and a truly better model for the BMI, but would result in an equally biased measurement for
metabolic health. Excluding the metabolites related to muscle mass may therefore lead to
lower fit, but to higher informational content regarding the metabolic health of an individual.
Hence, predictor selection should be done if possible on theoretical grounds. As the
conditional independence assumptions given for the definition of individualization
instruments can be seen in the context of causal [15] inference theory, one could apply
directed acyclic graphs to choose an appropriate set of predictors. Of course, it is often
difficult and in the case of big data modeling often impossible to do so comprehensively. Still,
we believe it is important to notice that predictor selecting maximizing model fit is not a
sensible procedure when it comes to the individualization of risk factors and phenotypes.

6 Conclusions
We delivered a definition of individualization and then transferred it to statistical terms by
defining individualization in the context of a phenotype not perfectly correlated with the
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underlying biology. On the ground of these definitions, we proposed an abstract methodology
targeting the individualization of phenotypes. We utilized measurement error theory to
demonstrate that the prediction error orthogonalized to the predicted phenotype is always
correlated to the underlying, latent trait if the predictors fulfill the criteria of being
individualization instruments. The central prerequisite states that the predictors must be
conditionally independent on the phenotype given the latent trait variable which implies that
the conceptual relation of the predictors to the modeled phenotype has to be considered when
applying our workflow. We utilized the methodology with success on epidemiological data
from the SHIP cohort to construct a meaningful refined definition of obesity. In conclusion,
when individualization is the goal of statistical modeling, the prediction error is not something
to avoid but to utilize, leading to the meaningful differentiation of individuals showing the
same observable phenotype. We hope that our arguments are one step forward on the way of
individualized phenotypes into everyday clinics, a critical prerequisite for the facilitation of
individualized medicine [29].
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Tables
Table 1: Descriptive Statistics for the utilized SHIP-0 cohort
Women(n=1826)

Men(n=1710)

Age, mean(SD)

48.47(16.22)

50.66(16.47)

Waist circumference in cm, mean(SD)

83.19(12.89)

95.84(11.51)

Body mass index in kg/m2, mean(SD)

26.97(5.28)

27.70(3.97)

Triglycerides in mmol/L, mean(SD)

1.55(0.96)

2.08(1.39)

Systolic Blood pressure in mmHg,
mean(SD)

129.55(20.84)

142.35(19.23)

Glycated hemoglobin in %, mean(SD)

5.32(0.84)

5.48(0.88)

Diabetes,%

7.78

10.54

Smoking,%

27.29

34.49

SD=standard deviation
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Figures

Figure 1: Kaplan Meier Curves regarding cardiovascular related mortality of the tertiles of
the residual after regressing prediction score on the chronological age and the WC. The curves
are statistically different (log-rang test:χ²(2)=8.13, p=0.017).
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Figure 2: Graphical representation of the refined definition of obesity. The metabolic BMI is
the sum of the rescaled residual variable resulting from regressing the prediction score on age
and the anthropometric WC such as one point increase in this residual scale equals one point
increase in BMI regarding the hazard of dying from cardiovascular causes in the SHIP
sample. The red-line indicates the identity.
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Figure 3: Graphical representation of conceptual overfitting: Z5 and Z6 would increase the fit
of a prediction model regarding X, but would invalidate the conditional independence
assumption on which the informative content of the residual variable relies.
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Abstract
Introduction: Different normalization methods are available for urinary data. However, it is unclear
which method performs best in minimizing error variance on a certain data-set as no generally
applicable empirical criteria have been established so far.
Objectives: The main aim of this study was to develop an applicable and formally correct algorithm to
decide on the normalization method without using phenotypic information.
Methods: We proved mathematically for two classical measurement error models that the optimal
normalization method generates the highest correlation between the normalized urinary metabolite
concentrations and its blood concentrations or, respectively, its raw urinary concentrations. We then
applied the two criteria to the urinary 1H-NMR measured metabolomic data from the Study of Health
in Pomerania (SHIP-0; n=4068) under different normalization approaches and compared the results
with in silico experiments to explore the effects of inflated error variance in the dilution estimation.
Results: In SHIP-0, we demonstrated consistently that probabilistic quotient normalization based on
aligned spectra outperforms all other tested normalization methods. Creatinine normalization
performed worst, while for unaligned data integral normalization seemed to most reasonable. The
simulated and the actual data were in line with the theoretical modeling, underlining the general
validity of the proposed criteria.
Conclusions: The problem of choosing the best normalization procedure for a certain data-set can be
solved empirically. Thus, we recommend applying different normalization procedures to the data and
comparing their performances via the statistical methodology explicated in this work. On the basis of
classical measurement error models, the proposed algorithm will find the optimal normalization
method.

Keywords: normalization methods, urine metabolomics, measurement error models, NMR
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1 Introduction
Urine is an easily, non-invasively collected body-fluid in everyday clinical practice and is therefore
widely utilized in metabolomics (Bouatra et al. 2013; Emwas et al. 2015; Duarte et al. 2014).
However, to obtain meaningful quantifications of metabolites, one has to account for the concrete
dilution of the urine sample under investigation (Chadha et al. 2001; González-Domínguez et al. 2014;
Sauvé et al. 2015, Schnackenberg et al. 2007). As the water content of the urine is neither inter- nor
intrapersonal stable due to different water intake or other physiological traits and states (see Warrack
et al. 2009 for details), the raw concentration levels of a compound in a single spot urine sample are
often not informative. Different approaches (Chadha et al. 2001; Dieterle et al. 2006; Warrack et al.
2009, Sugimoto et al. 2012) are used to discount the dilution variance (e.g. creatinine normalization,
probabilistic quotient normalization (PQN), integral normalization, osmolality normalization, specific
gravity normalization), but it is unclear a priori which of these approaches performs best in removing
the dilution factor in a certain sample (Warrack et al. 2009). Previous studies focused almost

entirely on the evaluation in the context of group separation (Kohl et al., 2012). However, a
wide range of metabolomic studies is not designed for classification, so this approach is not
universal. Up to now, there are no clear-cut empirical criteria available which are applicable
regardless of the study design, to decide on the method of dilution correction.
Here, we will present two readily applicable, intuitive statistical criteria which can be used to choose
the normalization method which is optimal in the sense as it minimizes the error variance in the data.
The criteria do not need any ancillary information and work only with the urinary and – if available –
the blood concentrations of metabolites. The two criteria are:
iii)

Choose the dilution correction which leads to the highest correlation between the dilution
corrected urinary metabolite concentrations and its blood concentrations.

iv)

Choose the dilution correction which leads to the highest correlation between the dilution
corrected urinary metabolite concentrations and its raw urinary concentrations.
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The intuition in behind is that the error variance introduced by the normalization method is likely to be
independent of the blood concentration or the raw urinary concentration and, thus, cannot contribute to
the corresponding covariances. The variances of the dilution corrected urinary concentrations, in
contrast, will inflate with the error variance. Thus, these correlations will be highest with the lowest
error variance. We will prove mathematically the two criteria for two different measurement error
models (additive and multiplicative), show their validity in simulations and on the 1H nuclear

magnetic resonance spectroscopy (NMR) data from spot urine samples of the Study of Health
in Pomerania (SHIP-0, n=4068) (Völzke et al., 2011).

2 Methods
2.1 Mathematical Methods
We will prove in the following the two criteria for a classical additive measurement error
model. This is the most common error model in biostatistics (Buonaccorsi, 2010). The proof
for the multiplicative measurement model is quite analogous and can be found in the Online
Resource. The additive measurement error model is abstractly constituted by:
̂ 𝒋 = 𝑿 + 𝑬𝒋 𝑤𝑖𝑡ℎ 𝐸(𝑬𝒋 ) = 0 𝑎𝑛𝑑 𝐶𝑂𝑉(𝑿, 𝑬𝒋 ) = 0
(1) 𝑿
̂ 𝒋 by the method j and Ej is the corresponding
where X is the true value of a measurement 𝑿
measurement error term. The measurement error term has an expectation value of zero and is
stochastically independent of X.
2.1.1 Mathematical Proof of the First Criterion for an Additive Measurement Model
Consider now the urinary concentration 𝑦𝑈 (𝑇𝑖 ) of a metabolite y in an individual i measured
at the time 𝑇𝑖 . It can be modeled as the integral of the part of the blood concentration 𝑦𝐵 (𝑡 ) of
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the same metabolite which is excreted by kidney processes over the time interval [0, 𝑇𝑖 ]
between two urinations

(2) 𝑦𝑈 (𝑇𝑖 ) =

𝑇

∫0 𝑖 𝑐𝑖 𝑦𝐵𝑖 (𝑡)dt
𝑉𝑜𝑙𝑈𝑖

𝑇

=

∫0 𝑖 𝑐𝑖 𝑦𝐵𝑖 (𝑡)dt
𝑣𝑖 𝑇𝑖

where c displays the fractional excretion of the metabolite under consideration and v is the
urine flow rate. Due to the mean value theorem of integration a constant y0 exists such as

(3) 𝑦𝑈 (𝑇𝑖 ) =

𝑇

∫0 𝑖 𝑐𝑖 𝑦𝐵𝑖 (𝑡)dt
𝑉𝑜𝑙𝑈𝑖

=

𝑐𝑖 𝑦0𝑖 𝑡𝑖
𝑉𝑜𝑙𝑈𝑖

=

𝑐𝑖 𝑦0𝑖 𝑇𝑖
𝑣𝑖 𝑇𝑖

=

𝑐𝑖 𝑦0𝑖
𝑣𝑖

.

The constant y0 can be interpreted as the averaged blood concentration over the time interval
[0,T]. As one would expect, the urinary concentration depends on the urine flow rate. Now,
we have estimators of the urine flow rate 𝑣̂𝑖𝑗 with a measurement error eij in an observation i
and method j
(4) 𝑣̂𝑖𝑗 = 𝑣𝑖 + 𝑒𝑖𝑗 ,
satisfying the classical measurement model explicated above. Of course, the common dilution
correction methods include also a rescaling. However, for the analysis of correlations, we can
neglect the scaling as the scaling does not change correlation coefficients. We correct for
dilution by multiplying (3) with 𝑣̂ij and get the normalized urinay concentration𝑦𝑈𝑁𝑗 (𝑇𝑖 ):
(5) 𝑦𝑈𝑁𝑗 (𝑇𝑖 ) =

𝑐𝑖 𝑦0𝑖
𝑣𝑖

(𝑣𝑖 + 𝑒𝑖𝑗 ) = 𝑐𝑖 𝑦0𝑖 (1 +

𝑒𝑖𝑗
𝑣𝑖

).

Thus, we can understand the normalization process as a removal of the dilution variance,
inserting in return some other random error variance. As long as the dilution variance is
higher than the error variance, normalization by a method j makes sense.
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In real data-sets, we will have vectors of 𝑦𝑈𝑁𝑗 (𝑇𝑖 ), 𝑣̂𝑖𝑗 and 𝑦0𝑖 , that means realizations of the
̂ 𝒋 and Y0. In the following derivations, we will assume that the
random variables 𝒀𝑼𝑵 , 𝑽
measurement errors Ej and the dilution variable V are mutually independent on all other
parameters. This is the critical prerequisite for the proof. We can write down the correlation
between the blood concentration and the dilution corrected urinary concentration with c, Ej, V
and 𝒀𝟎 being the vectors corresponding to ci, eij, vi and y0i:

(6) 𝐶𝑂𝑅𝑅 (𝒀𝑼𝑵𝒋 , 𝒀𝑩 ) =

𝐶𝑂𝑉(𝒀𝑼𝑵𝒋 ,𝒀𝑩 )
√𝑉𝐴𝑅(𝒀𝑼𝑵𝒋 )𝑉𝐴𝑅(𝒀𝑩 )

𝑬𝒋
𝑽

𝐶𝑂𝑉(𝐜𝒀𝟎 ,𝒀𝑩 )+𝐶𝑂𝑉(𝐜𝒀𝟎 ,𝒀𝑩 )
𝑬𝒋
𝑽

=

√(𝑉𝐴𝑅(𝐜𝒀𝟎 )+𝑉𝐴𝑅(𝐜𝒀𝟎 ))𝑉𝑎𝑟(𝒀𝑩 )

=

𝑬𝒋
𝑽

𝐶𝑂𝑉(𝐜𝒀𝟎 (1+ ),𝒀𝑩 )
𝑬𝒋
√𝑉𝐴𝑅(𝒄𝒀𝟎 (1+ ))𝑉𝐴𝑅(𝒀𝑩 )
𝑽

=

𝑬𝒋
𝑽

𝐶𝑂𝑉(𝐜𝒀𝟎 ,𝒀𝑩 )+𝐸( )(𝐸(𝐜𝒀𝟎 𝒀𝑩 )−𝐸(𝐜𝒀𝟎 )𝐸(𝒀𝑩 ))
𝑬𝒋
𝑽

=

√(𝑉𝐴𝑅(𝐜𝒀𝟎 )+𝑉𝐴𝑅(𝐜𝒀𝟎 ))𝑉𝑎𝑟(𝒀𝑩 )

𝐶𝑂𝑉(𝐜𝒀𝟎 ,𝒀𝑩 )
𝑬𝒋
𝑽

√(𝑉𝐴𝑅(𝐜𝒀𝟎 )+𝑉𝐴𝑅(𝐜𝒀𝟎 ))𝑉𝑎𝑟(𝒀𝑩 )

𝑬𝒋

as 𝐸 ( ) = 0. Using the stochastic independency of the error term and the dilution variable,
𝑽

𝑬𝒋

the term of interest 𝑉𝐴𝑅 (𝐜𝒀𝟎 𝑽 ) can be written as
𝑬𝒋 2

𝑬𝒋

𝑬𝒋 2

𝑬𝒋

(7) 𝑉𝐴𝑅 (𝐜𝒀𝟎 𝑽 ) = 𝐸 ((𝐜𝒀𝟎 𝑽 ) ) − 𝐸 2 (𝐜𝒀𝟎 𝑽 ) = 𝐸((𝐜𝒀𝟎 )2 )𝐸 (( 𝑽 ) ) −
𝑬𝒋

𝑬𝒋 2

𝟏 2

𝐸 2 (𝐜𝒀𝟎 )𝐸 2 ( 𝑽 ) = 𝐸((𝐜𝒀𝟎 )2 )𝐸 (( 𝑽 ) ) = 𝐸((𝐜𝒀𝟎 )2 )𝐸 ((𝑽) ) 𝑉𝐴𝑅(𝑬𝒋 ).
capitalizing on 𝑉𝐴𝑅(𝑬𝒋 ) = 𝐸(𝑬𝑗2 ). If one would have two estimators for the urine flow rate
̂ 𝟏 and 𝑽
̂ 𝟐 with different error variances, one would get different correlations by (6) as the
𝑽
denominator gets larger with higher error variance due to the term (7). Thus, the dilution
correction with the lowest error variance leads to the highest correlation of blood and urine
concentrations of the same metabolite.
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2.1.2 Mathematical Proof of the Second Criterion for an Additive Measurement Model
The second criterion can be proved by analogous arguments. Consider therefore the
correlation

(8) 𝐶𝑂𝑅𝑅 (𝒀𝑼𝑵𝒋 , 𝒀𝑼 ) =

𝐶𝑂𝑉(𝒀𝑼𝑵𝒋 ,𝒀𝑼 )
√𝑉𝐴𝑅(𝒀𝑼𝑵𝒋 )𝑉𝐴𝑅(𝒀𝑼 )

𝑬𝒋 𝐜𝒀
𝐜𝒀
𝐶𝑂𝑉(𝐜𝒀𝟎 , 𝟎 )+𝐶𝑂𝑉(𝐜𝒀𝟎 , 𝟎 )
𝑽

𝑽

𝑽

𝑬𝒋
𝐜𝒀
√𝑉𝐴𝑅(𝐜𝒀𝟎 (1+ ))𝑉𝐴𝑅( 𝟎 )
𝑽
𝑽

As 𝐶𝑂𝑉 (𝐜𝒀𝟎

𝑬𝒋 𝐜𝒀𝟎
𝑽

,

𝑽

=

𝑽

𝑽

𝑽

𝑬𝒋
𝐜𝒀
√𝑉𝐴𝑅(𝐜𝒀𝟎 (1+ ))𝑉𝐴𝑅( 𝟎 )
𝑽
𝑽

𝑬𝒋 𝐜𝒀
𝐜𝒀
𝐶𝑂𝑉(𝐜𝒀𝟎 , 𝟎 )+𝐶𝑂𝑉(𝐜𝒀𝟎 , 𝟎 )
𝑽

𝑽

=

.

𝑬𝒋
√(𝑉𝐴𝑅(𝐜𝒀𝟎 )+𝑉𝐴𝑅(𝐜𝒀𝟎 ))𝑉𝑎𝑟(𝒀𝑼 )
𝑽

𝐜𝒀𝟎

) = 𝐸(𝑬𝒋 )𝑉𝐴𝑅 (

(9) 𝐶𝑂𝑅𝑅 (𝒀𝑼𝑵𝒋 , 𝒀𝑼 ) =

=

𝑬𝒋 𝐜𝒀
𝐶𝑂𝑉(𝐜𝒀𝟎 (1+ ), 𝟎 )

𝑽

) = 0 holds, (8) simplifies to:

𝐜𝒀
𝐶𝑂𝑉(𝐜𝒀𝟎 , 𝟎 )
𝑽

𝑬𝒋
√(𝑉𝐴𝑅(𝐜𝒀𝟎 )+𝑉𝐴𝑅(𝐜𝒀𝟎 ))𝑉𝑎𝑟(𝒀𝑩 )
𝑽

.

By (7) we already know that (9) will be smaller with larger error variance.
2.2 Empirical Methods
2.2.1 Study sample
Data from the baseline assessment of the Study of Health in Pomerania (SHIP-0) were used
(Völzke et al. 2011). SHIP-0 was comprised of adult German residents in northeastern
Germany living in 3 cities and 29 communities, with a total population of 212,157. A twostage stratified cluster sample (aged 20-79 years at baseline) was randomly drawn from local
registries. In total, 4308 Caucasian subjects participated at baseline SHIP-0 (1997-2001) from
which 4068 individuals had urine 1H-NMR measurements. Data usage of the SHIP study can
be applied for via www.community-medicine.de. Sociodemographic factors and medical
history were assessed by a computer-assisted face-to-face-interview. The investigations were
carried out in accordance with the Declaration of Helsinki, including written informed consent
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of all participants. The survey and study methods of the studies were approved by the
institutional review boards of the University of Greifswald.
2.2.2 Measurements and Assays
Serum creatinine was determined by the Jaffe method (Hitachi 717, Roche Diagnostic,
Mannheim, Germany) and glycated hemoglobin (HbA1c) concentrations were determined by
high-performance liquid chromatography (Bio-Rad Diamat, Munich, Germany). Use of an
anti-diabetic drug (ATC codes A10) or glycated hemoglobin concentration higher than 6.5%
was defined as diabetes.
2.2.3 1H-NMR measurements
Prior analysis urine specimens were stored about five years at -80°C. After thawing, urine
specimens were centrifuged for 5 min at 3000g and the supernatant was used for
spectroscopic analysis. To this purpose, 450 µl urine were mixed with 50 µl phosphate buffer
to stabilize urinary pH at 7.0 (±0.35). The buffer was prepared with D 2O, and contained
sodium 3-trimethylsilyl-(2,2,3,3-D4)-1-propionate (TSP) as reference. Spectra were recorded
on a Bruker DRX-400 NMR spectrometer (Bruker BioSpin GmbH, Rheinstetten, Germany)
operating at 1H frequency of 400.13 MHz, and equipped with a 4-mm selective inverse flow
probe (FISEI, 120 µl active volume) with z-gradient. Specimens were automatically delivered
to the spectrometer via flow injection. The acquisition temperature was set to 300°K. A
standard one-dimensional 1H-NMR pulse sequence with suppression of the water peak
(NOESYPREAST) was used: RD – P(90°) – 4 µsec – P(90°) – tm – P(90°) – acquisition of
the free induction decay (FID). The non-selective 90° hard pulse P(90°) was adjusted to 9.4
µsec. The relaxation delay (RD), the mixing time (tm), and the acquisition time were set to 4
sec, 100 msec, and 3.96 sec, respectively, resulting in a total recycle time of ~8.0 sec. Lowpower continuous-wave irradiation on the water resonance at an field strength of ~25 Hz was
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applied during RD and tm for pre-saturation. After application of 4 dummy scans, 32 FIDs
were collected into 32768 (32K) complex data points using a spectral width of 20.689 parts
per million (ppm). FIDs were multiplied with an exponential function corresponding to a line
broadening of 0.3 Hz before Fourier transformation. Spectra were processed within TOPSPIN 1.3 (Bruker BioSpin). Spectra were normalized to the TSP signal and then segmented
into n=500 consecutive integrated spectral regions (bins) of fixed width (0.018 ppm),
covering the range from 0.5 to 9.5 ppm. In order to remove effects of variations in the
suppression of water resonance the region 4.5-5.1 ppm was excluded.
The Fourier-transformed and baseline-corrected NMR spectra were manually annotated (level
of identification: 2) by spectral pattern matching using Chenomx NMR Suite 6.1 (Chenomx
Inc., Edmonton, Alberta, Canada). 59 metabolites were quantified.
2.2.4 Normalization Methods
We performed four different normalization methods. We performed four different
normalization methods. At first, we processed the Fourier-transformed and baseline corrected
spectra with a recently proposed alignment and peak-picking algorithm, called RUNAS
(Alonso et al. 2014). For this purpose, we excluded the spectral region containing the water
peak (4.5 – 5.1 ppm) and run the algorithm with the default parameters. Of note, the threshold
for the occurrence of a peak was adapted to the present signal intensities. As a result we got
172 distinct peak entities markedly reducing the undesired shift in ppm signals due to slight
difference in pH or molecule interactions. Based on the selected peaks a dilution factor for
each sample was obtained using probabilistic quotient normalizing (PQN) (Dieterle et al.
2006). Secondly, we performed the PQN on the unaligned binning data. For this purpose the
spectral region between 0.5 and 9.5 ppm was divided in equal spanning parts of 0.019 ppm
which were subsequently integrated, excluding the water region as described above. Thirdly,
we summed up the binning data, excluding areas which were mainly caused by glucose (R105

squared above 0.4) as the sample included diabetics with abnormal urinary glucose
influencing the total integral strongly without reflecting dilution. The derived integral was
then used for normalization. Creatinine normalization was used as reference approach typical
applied in clinical practice.
2.2.5 Statistical Analyses and Simulations
Regarding the first criterion, the product-moment correlations between serum creatinine and
the differentially dilution normalized urinary creatinine (excluding creatinine normalization)
were calculated and compared.
To evaluate the second criterion, for each normalization method (based on the binning data,
PQN based on the RUNAS data, integral normalization and creatinine normalization) the
correlation between the raw metabolite concentration and the differently normalized urinary
metabolite concentration was calculated and compared on a descriptive level. Correlation
coefficients were only calculated if more than 80% of the observations had measurable
concentrations (31 metabolites fulfilled this criterion). We used only the part of metabolites
with high detection rates as the dilution is an important factor for the probability of detecting
a metabolite. In cases of high dilution, one would need a relatively higher concentration to
detect a metabolite which would induce a stochastic dependency between the dilution and
metabolite blood concentration, invalidating the proofs of the criteria. This problem of course
is non-existent if the metabolite is detected regardless the dilution.
The measurement models predict that the ranking should be consistent among the two criteria.
They further predict that if one normalization method is superior for one metabolite, it should
be superior in all metabolites readily detectable. Thus, despite the random nature of the
measurement model, the ranking of the normalization methods should be fairly consistent
among metabolites. Actually, for the creatinine normalization we could expect some variance
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in the ranking as the measurement error model is plausible wrong for creatinine related
metabolites. In the case of creatinine, the error is correlated to the creatinine production rate
and thus may covariate with other creatinine related metabolite production rates which
invalidates again the given mathematical proofs. However, it is actually unclear whether the
induced covariances are large enough to be practically relevant.
For simulation of the additive measurement model, random numbers were drawn from normal
distributions with a mean of zero and ten different standard deviations ranging equidistantly
from 0.01 to 0.1. This random variable then was added to the PQN (RUNAS data) based
normalization variable and the urinary creatinine concentration was normalized to this new
normalization variable with artificially inflated error variance. In the next step, the correlation
of this noisily normalized urinary creatinine concentration to the serum creatinine
concentration was calculated. We repeated this procedure 500 times and calculated the
median correlation for each error variance, expecting decreasing correlations with increasing
error variance.
The same approach was used for simulation the multiplicative error model with the difference
that the random numbers were drawn from a normal distribution with mean equal to one and
standard deviations ranging equidistantly from 0.02 to 0.2. The same range of standard
deviations was used and the resulting random variable was multiplied by the PQN (RUNAS
data) based normalization variable. Then, the same methodology as described for the additive
measurement model was applied.
An analogous procedure was used for in silico experiments on the second criteria. Here, we
chose the abundant and by NMR easily quantified metabolite citrate and normalized the raw
urinary concentration with the before mentioned normalization variables with inflated error
variances. Again, 500 replications were done and the median correlation for both
measurement error models was calculated.
107

All analyses and simulations were done using STATA 14/MP (STATA Inc., College Station,
Texas).
3 Results
The general sample characteristics are given in table 1 (for more information on SHIP, see
Völzke et al.(2011)), descriptive statistics for all quantified urinary metabolites can be found
in table 2. Note that the correlation analyses to choose the normalization methods were neither
sex-stratified, nor contained any correction for age or BMI as the proposed methods should be
working without any phenotypic information included. The descriptive tables are only given
for completeness.
3.1 Results regarding the first criterion
The first criterion states that the normalization method which yields the highest correlation
between the blood concentration and the normalized urinary concentration will be the one
with the lowest error variance. Utilizing the serum creatinine measurements, we found that
PQN normalization based on the aligned data resulted in the highest correlation (r= 0.2678)
followed by integral normalization (r=0.2350) and then PQN based on the binning data
(r=0.1772). According to the first criterion, PQN based on the aligned data is superior to the
other methods on the SHIP-0 data.
3.2 Results regarding the second criterion
Results are displayed in table 2. As one would expect after the results of the first criterion,
PQN based on the aligned data yields the highest correlation in all cases with the exception
being glucose where the PQN based on the binning data showed the highest correlation. Very
importantly, the ranking of the normalization methods was quite stable among metabolites
with a rank correlation of 0.92 (see table 3) between the expected rank according to the first
criterion and the empirical rank in the second criterion. Interestingly, creatinine normalization
108

performed worst with high consistency among the tested metabolites. For the results of each
single metabolite, see table 4.
3.3 Simulation results
Figure 1a (additive measurement error model) and 1b (multiplicative error model) shows the
simulation results from 500 in silico experiments for the first criterion. Clearly, the median
correlation of the serum creatinine concentrations to the normalized urinary concentration
with variegated error variance gets lower with higher error variance. In the additive model,
this effect is more drastic, mathematically caused by its numerically ill-conditioned properties
(that means small changes in the error term will lead to large changes in the normalized
urinary concentration as a division is involved).
Figure 1c and 1d displays the simulation results for the second criterion. Once again, as the
mathematical framework predicts the correlation gets smaller with higher error variance for
both models. Again, the additive model is more sensitive to higher measurement error
variance.
3.4 A general algorithm to choose empirically the normalization procedure
Now, after the validation of the two statistical criteria in real data and in silico, we can
propose as the central result of this work a general algorithm to choose empirically the
optimal dilution correction for a given data-set in terms of error variances:
1. Normalize the metabolite concentrations with as many different methods as applicable
(e.g PQN, integral normalization…).
2. If blood measurements are available, correlate for each metabolite the normalized
concentrations with the corresponding blood concentration of the same metabolite.
3. Correlate for each metabolite the normalized concentrations with the urinary raw
concentration of the same metabolite.
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4. Rank for each metabolite the normalization methods according to the strength of the
correlations.
5. Check consistency of step 2 and step 3 via drawing the confusion table and calculating
the rank correlation.
6. Choose the normalization method which has the highest percentage of being top
ranked among all metabolites.
If blood concentrations are not available, step 2 can be omitted and step 6 is only based on the
results from step 3. While it is surely always better to base decisions on as much data as
possible, the algorithm still works when blood data were not included into the design of the
study.
Applied on the SHIP-0 data, step 1 consisted of PQN normalization (binning and aligned
data), integral normalization and creatinine normalization. Step 2 was only performed for
creatinine and step 3 was performed for 31 metabolites from NMR spectra. Step 4 was
performed on the data depicted in table 4 and the confusion table is given by table 3. PQN
normalization on the aligned data would be chosen as the best normalization method as it was
top-ranked for 97% (30 out of 31) of the metabolites (step 6).
4 Discussion
Normalizing urinary metabolomic data to remove the dilution variance from metabolite
quantification is a necessary step in urine metabolome analyses (Chadha et al. 2001;Warrack
et al. 2009). The water content of the urine varies intra- and inter-individually drastically and
adds thereby a variance component to the urinary metabolite concentrations which is not of
interest. Ignoring this variance component would lead to reduced statistical power in
biomarker screenings and prediction and classification models that were likely not
generalizable.
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Here, we described two intuitive statistical criteria to choose the normalization method which
performs best on a given sample in terms of error variances. While the first criterion needs at
least one metabolite measured in urine and blood simultaneously, the second criterion is
applicable to urinary data alone. Applying these criteria will likely lead to better metabolomic
models with lesser error variance and higher replicability as one now can choose the best
method for a certain situation based on empirical results. We proved the validity of the
proposed criteria mathematically for two different measurement error models and
demonstrated their applicability and consistency on a real live metabolomic data set from the
general population. Thus, we think the criteria are safe to use in metabolomic research.
There are, however, some important points to consider when applying the methods presented
in this paper. First of all, one should only use the criteria on metabolites with high detection
rates in the urine, as otherwise the mathematical proofs of the criteria are not valid, because
the measurable urinary concentrations will depend on the dilution variable in a way not
captured by the mathematical modeling. Thus, for metabolites like acetone or aspartate, which
were not consistently measurable among the samples (see table 2), the mathematical model
may not apply. Secondly, although the results presented here seem to indicate that creatinine
normalization might be consistently testable by the criteria, it is theoretically doubtful that the
creatinine related measurement error in dilution estimation is stochastic independent on the
production rate of creatinine related metabolites which could be a source of bias. This bias
might be actually not large enough to be practically relevant, but, still, creatinine
normalization has to be treated with care in the context of the criteria. Thirdly, when applying
the criteria to mass spectroscopic data, one should only use metabolite quantifications with
high intra class correlation, as the additional technical error variance will likely randomize the
correlation patterns which may hinder a clear assessment of the correlations. At last, we
derived the criteria under the assumption that the dilution variable is stochastic independent of
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the blood concentration. This is likely not true for all metabolites in some pathological
conditions like kidney diseases or diabetes. For example, in our data the results regarding
glucose were not consistent. This can for example be explained by the diuretic effect of
glucose: High urinary glucose levels as found in diabetics which were prevalent in our data
hinder the tubular reabsorption of water leading thereby to higher urinary dilution (Cooke and
Plotnick, 2008; Rose and Rennke, 1994). In this case, the provided mathematical modeling
may be wrong. Having that said, it is clear that the proposed algorithm has to be always seen
in the context of the study-design and the phenotypes under consideration although the
algorithm itself is independent of phenotypic information. In general, before applying a
certain statistical method, one should always think about the formal prerequisites for a valid
application. The presented criteria are no exception in this regard.
However, the algorithm allow some model diagnostics as inconsistency in the ranking of
normalization methods among the metabolites might hint at problems regarding the global
validity of the measurement model. This is of course useful. Still, it is unclear to what extent
such inconsistencies can be caused by pure chance as the correlations are also dependent on
the measurement error in the concentration quantification. Nevertheless, it can be concluded
that the normalization method which performs best for the most metabolites is likely to be
superior to the other methods, although some care is needed when the correlation pattern is
inconsistent among metabolites.
In our concrete sample, the PQN based on aligned spectra performed best and creatinine
normalization performed worst. This is of course not strictly generalizable to other settings
and samples. The SHIP-0 sample consists of non-fasting urine samples from the general
population. On a small highly standardized case-control study, it is fairly possible that the
ranking of the normalization methods can differ from our study. We furthermore did not apply
osmolality normalization as a measurement of osmolality was not available for the study
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population. It is interesting, however, that the PQN on the binning data performed
considerably worse than the PQN on the aligned data, as one could speculate whether one gets
a simple criterion from this finding for comparing the performance of the various alignment
algorithms that are described in the literature (see Vu and Laukens, 2013). One may conclude
that the PQN will perform best as a dilution correction on the data with the lowest number of
signal mismatches caused by shifts in the NMR spectra, because the signal mismatches will
inflate the error variance in the dilution estimation. Thus, it is plausible that by applying the
criteria described in this work it might be able to identify indirectly the best alignment
algorithm for a given data-set. Of course, a test of this idea is beyond the scope of this work,
but it seems at first glance promising.
It should be noted that there are other attributes of normalization techniques which are
important for the decision on the method. For example, probabilistic quotient normalizing
might complicate external validation in samples with other dilution distributions (Hertel et al.
2016). In another case, Dieterle et al. (2006) argued that integral normalization might not be
appropriate on metabonomic data in general. Hence, the criteria developed here have to be
seen always in the context of the whole study design.
Concluding, our study shows that the question of the best normalization procedure for urinary
data is in essence an empirical question which can be solved by the methodology proposed in
our work. Thinking about the complexity and the diversity of possible metabonomic and
metabolomic designs, we believe that it is most reasonable to choose the normalization
method suiting the data best empirically, rather than following a dogmatic advice which may
not fit to the nature or the planned usage of the concrete data. Thus, we recommend testing
different normalization strategies against each other and comparing their performances via the
proposed algorithm. Having that said, our data may implicate that PQN on aligned data is a
safe bet for large general population samples like the SHIP-0 sample, but it still would be
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better to apply the proposed algorithm for an empirical test. We hope that the criteria and the
algorithm for choosing the normalization method for urinary data we explicated and validated
here will prove to be helpful for the metabolomic research community, aiding the clinical and
scientific progress by reducing undesired error variance in metabolomic data-sets.
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Table 1: Sample characteristics of SHIP-0

N
Age, mean years (SD)
BMI, mean kg/m2 (SD)
Diabetes, %

Sample SHIP-0 used for
Survival Analysis
Women
Men
2064
2004
48.62(16.12) 50.77(16.57)
26.85(5.33)
27.61(4.02)
9.22%
12.71%

SHIP = Study of Health in Pomerania, BMI = body-mass-index, SD = standard deviation
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Table 2: Descriptive statistics for the metabolites in SHIP-0 (whole sample)

Metabolite

Men (n=2004)
HMDB-ID Detection
rate
mean (SD)

Anhydro-beta-D-glucose

HMDB00640

1-Methylnicotinamide
2-Hydroxyisobutyrate
3-Aminoisobutyrate
3-Hydroxyisobutyrate
3-Hydroxymandelate
3-Indoxylsulfate
4-Hydroxyphenylacetate
Acetate

HMDB00699
HMDB00729
HMDB03911
HMDB00023
HMDB00750
HMDB00682
HMDB00020
HMDB00042

Acetone
Alanine
Aspartate
Benzoate
Betaine
Carnitine
Choline
Citrate
Creatine
Creatinine
Dimethylamine
Ethanol
Ethanolamine
Formate
Galactose
Glucose
Glycine
Glycolate
Hippurate
Histidine
Hypoxanthine
Isopropanol
Lactate
Lysine
Maleate
Mannitol
Methanol
Methylamine
N-N-Dimethylglycine
O-Acetylcarnitine
O-Phosphocholine
Propylene-Glycol
Pyroglutamate
Salicylate
Succinate
Sucrose
Tartrate
Taurine
Threonine
Trigonelline
Trimethylamine-N-Oxide
Tyrosine
Uracil
Urea

HMDB01659
HMDB00161
HMDB00191
HMDB01870
HMDB00043
HMDB00062
HMDB00097
HMDB00094
HMDB00064
HMDB00562
HMDB00087
HMDB00108
HMDB00149
HMDB00142
HMDB00143
HMDB00122
HMDB00123
HMDB00115
HMDB00714
HMDB00177
HMDB00157
HMDB00863
HMDB00190
HMDB00182
HMDB00176
HMDB00765
HMDB01875
HMDB00164
HMDB00092
HMDB00201
HMDB01565
HMDB01881
HMDB00267
HMDB01895
HMDB00254
HMDB00258
HMDB00956
HMDB00251
HMDB00167
HMDB00875
HMDB00925
HMDB00158
HMDB00300
HMDB00294

Women (n=2064)
Detection
rate
mean (SD)

40.1%
50.1%
99.9%
88.0%
99.9%
33.6%
71.3%
91.5%

44.97 (37.33)
6.28 (4.06)
7.02(3.05)
13.40 (22.97)
7.03 (2.98)
30.58 (24.72)
25.78 (12.27)
15.46 (15.16)

35.6%
39.1%
99.9%
85.2%
99.4%
33.9%
67.5%
76.9%

59.38 (52.75)
8.04 (5.69)
7.33 (2.46)
17.04 (25.18)
7.57 (3.32)
42.97(32.52)
33.39(15.35)
16.56 (15.07)

99.7%
28.2%
99.9%
45.4%
2.8%
98.9%
96.4%
60.9%
99.9%
99.9%
100%
100%
73.5%
94.3%
99.6%
5.2%
88.9%
99.9%
98.6%
99.9%
97.7%
82.9%
75.1%
99.6%
30.5%
16.3%
42.5%
98.6%
62.3%
98.4%
73.5%
54.6%
47.2%
98.5%
8.9%
99.9%
23.0%
37.2%
90.3%
99.3%
95.2%
99.9%
91.7%
44.4%
99.9%

21.54 (41.47)
7.11 (23.30)
29.48 (19.60)
11.95 (6.21)
56.61 (139.18)
15.25 (22.60)
14.10 (11.15)
3.43 (4.20)
212.64(113.85)
54.88 (63.09)
8.17(4.50)
42.60(11.84)
100.94 (1543.72)
37.44 (9.79)
30.81 (15.29)
23.95 (25.96)
1018.46 (6783.71)
119.61 (80.04)
57.48 (25.41)
313.91 (278.60)
70.52 (39.24)
8.66 (7.41)
3.19 (5.04)
16.06 (48.40)
27.65 (33.33)
1.37 (1.80)
329.79 (332.60)
31.99 (80.25)
3.96 (2.54)
4.98 (4.21)
5.29 (3.85)
3.52 (4.88)
6.66 (18.59)
27.93 (9.15)
86.29 (65.63)
13.04 (6.55)
16.87 (25.59)
13.17 (25.00)
75.45 (45.50)
13.43 (7.30)
74.41 (59.05)
56.08 (78.14)
15.85 (7.22)
7.28 (7.99)
1289.00 (629.41)

99.7%
28.2%
99.9%
32.1%
5.2%
99.1%
93.6%
56.3%
99.9%
99.9%
100%
100%
70.8%
91.7%
98.9%
3.3%
80.5%
99.9%
98.1%
99.9%
95.3%
67.0%
75.7%
99.6%
18.2%
12.7%
42.3%
97.9%
60.3%
94.0%
63.9%
51.3%
36.0%
96.9%
5.5%
99.7%
18.6%
35.9%
76.2%
98.2%
95.2%
99.5%
74.5%
34.5%
100%

39.87(87.12)
13.70 (47.36)
29.61 (19.96)
14.15 (9.37)
74.83 (147.93)
13.09(18.30)
11.79 (9.90)
3.75 (2.93)
339.04 (147.56)
120.52 (121.92)
5.46 (3.87)
47.03 (12.93)
21.18 (108.67)
44.56 (11.93)
43.03 (26.13)
32.14(26.13)
516.78 (4465.00)
184.08 (135.65)
69.52 (31.26)
463.66 (423.98)
67.33 (42.62)
8.74 (5.15)
4.88 (5.92)
33.69 (94.41)
31.95 (40.72)
2.20 (4.88)
405.47 (354.32)
44.49 (25.90)
5.65 (3.72)
5.05 (8.77)
5.90 (7.69)
3.53 (1.95)
9.54 (18.31)
32.32 (21.20)
144.95 (129.07)
24.79 (16.08)
20.09 (21.98)
22.13 (40.73)
67.20 (57.09)
15.29 (10.53)
98.24 (72.21)
56.21 (74.71)
15.38 (7.05)
9.24 (4.04)
1711.44 (934.22)
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Valine
Xylose
Cis-Aconitate
Trans-Aconitate
pi-Methyl-Histidine
1-Methyl-Histidine

HMDB00883
HMDB00098
HMDB00072
HMDB00958
HMDB00479
HMDB00001

84.2%
15.3%
96.2%
74.6%
80.0%
78.9%

4.03 (2.70)
36.52 (31.53)
16.79 (8.88)
22.29 (13.98)
38.12 (40.12)
25.58 (8.45)

74.8%
13.2%
92.5%
60.3%
70.9%
76.4%

4.49 (2.79)
53.19 (50.33)
21.69 (10.72)
25.63 (14.62)
45.12 (52.11)
25.80 (9.12)

SD = standard deviation. All concentrations are given in mmol per mol creatinine except for creatinine which is
given in mmol per liter.
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Table 3: Concordance between predicted ranking and actual rankings among all urinary
metabolites with at least 80% detection rate (excluding creatinine)
PQN (RUNAS)

Integral
Normalization

PQN (Binning)

Creatinine
Normalization

1.Rank

96.7%

0.0%

3.3%

0%

2.Rank

0.0%

86.7%

10%

3.3%

3.Rank

3.3%

13.3%

76.7%

6.7%

4.Rank

0.0%

0.0%

10%

90%

PQN= probabilistic quotient normalizing
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Table 4: Correlations of the raw urinary concentration to the differentially normalized urinary
concentrations for all metabolites with detection rates above 80%
Metabolite
2-Hydroxyisobutyrate
3-Aminoisobutyrate
3-Hydroxyisobutyrate
4-Hydroxyphenylacetate
Acetate
Alanine
Betaine
Carnitine
Citrate
Creatine
Creatinine
Dimethylamine
Ethanolamine
Formate
Glucose
Glycine
Glycolate
Hippurate
Histidine
Lactate
Methanol
N-N-Dimethylglycine
Pyroglutamate
Succinate
Taurine
Threonine
Trigonelline
Trimethyl-N-Oxide
Tyrosine
Urea
Cis-Aconitate

PQN
(Runas data)
0.562
0.850
0.558
0.770
0.841
0.672
0.855
0.791
0.537
0.795
0.500
0.543
0.511
0.730
0.947
0.667
0.560
0.752
0.700
0.882
0.904
0.704
0.557
0.676
0.747
0.672
0.662
0.895
0.623
0.488
0.461

Integral
Normalization
0.482
0.825
0.448
0.746
0.787
0.632
0.843
0.760
0.478
0.769
0.379
0.440
0.421
0.632
0.955
0.629
0.504
0.705
0.670
0.869
0.892
0.684
0.518
0.511
0.702
0.627
0.623
0.853
0.572
0.439
0.405
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PQN
(binning data)
0.443
0.812
0.412
0.727
0.732
0.598
0.845
0.747
0.461
0.763
0.310
0.379
0.376
0.559
0.958
0.609
0.479
0.654
0.654
0.842
0.865
0.700
0.484
0.495
0.683
0.594
0.585
0.867
0.528
0.426
0.378

Creatinine
normalization
0.330
0.780
0.404
0.722
0.776
0.567
0.803
0.688
0.423
0.730
0.284
0.249
0.572
0.884
0.565
0.372
0.650
0.650
0.866
0.763
0.650
0.427
0.621
0.616
0.561
0.570
0.816
0.528
0.328
0.306

Figure 1: Simulation results for the two criteria. The median correlations (bold line) from 500
replicates are given in dependency of the error variance added to the probabilistic quotient
normalization variable derived from the aligned data. The dashed lines represent the 1./3.
quartiles. Horizontal dashed lines indicate the actual correlations of the differentially
normalized urinary creatinine to the serum creatinine for reference. A First Criterion, additive
measurement model B First Criterion, multiplicative measurement model C Second Criterion,
additive measurement model D Second Criterion, multiplicative measurement model
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7 Summary
7.1 Summary (English)
Aiming at the goal of individualized medicine, this dissertation develops a generic
methodology to individualize risk factors and phenotypes via metabolomic data from the
urine. As metabolomic data can be seen as a holistic representation of the metabolism of an
organism at certain time point, metabolomic data contain not only information about current
life-style factors like diet and smoking but also about latent genetic traits. Utilizing this
integrative attribute, the dissertation delivers a metric for biological age (the metabolic age
score) which was shown to be informative beyond chronological age in three independent
samples. It was associated with a broad range of age-related comorbidities in two large
population-based cohorts, predicted independently of classical risk factors mortality and,
moreover, it predicted weight loss subsequently to bariatric surgery in a small sample of
heavily obese individuals.
Subsequently to this work, the dissertation built a definitional framework justifying the
procedure underlying the metabolic age score, delivering a general framework for the
construction

of

individualized

phenotypes

and

thereby

an

operationalization

of

individualization in statistical terms. Conceptualizing individualization of the process of
differentiation of individuals showing the same phenotype despite different underlying
biological traits, it was shown formally that the prediction error of a statistical model
approximating a phenotype is always informative about the underlying biology beyond the
phenotype if the predictors fulfill certain statistical requirements. Thus, the prediction error
facilitates the meaningful differentiation of individuals showing the same phenotype. The
definitional framework presented here is not restricted to any kind of data and is therefore
applicable to a broad range of medical research questions.
However, when utilizing metabolomic data, technical factors, data-preprocessing, pre-analytic
features introduce unwanted variance into the statistical modeling. Thus, it is unclear whether
predictive models like the metabolic age score are stable enough for clinical application. The
third part of this doctoral thesis provided two statistical criteria to decide which normalization
method to remove the dilution variance from urinary metabolome data performs best in terms
of erroneous variance introduced by the different methods, aiding the minimization of
biological irrelevant variance in metabolomic analyses.
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In conclusion, this doctoral thesis developed a general, applicable, definitional framework for
the construction of individualized phenotypes and demonstrated the value of the methodology
for clinical phenotypes on metabolomic data, improving on the way the statistical treatment of
urinary data regarding the dilution correction.

7.2 Zusammenfassung (Deutsch)
Mit der Zielvorgabe personalisierte Medizin zu ermöglichen entwickelte die vorliegende
Dissertation eine generische Methodologie Risiko-Faktoren und klinische Phänotypen mittels
Metabolom-Daten aus dem Urin zu individualisieren. Da das Metabolome ein holistisches
Bild der Stoffwechselprozesse eines Organismus zu einem bestimmten Zeitpunkt darstellt,
spiegelt es nicht nur Life-Style-Faktoren wie Ernährung oder Rauchen wieder, sondern auch
die latente, genetische Ausstattung. Diese integrativen Eigenschaften ausnutzend wurde eine
Metrik zur Messung der biologischen Alters einer Person entwickelt (metabolic age score),
welcher in drei unabhängigen Stichproben sich über das chronologische Alter hinaus als
informativ erwies. So war in zwei großen bevölkerungsbasierten Studien der metabolic age
score mit einer Reihe von altersbedingten Komorbiditäten assoziiert, prädizierte unabhängig
von klassischen Risikofaktoren Mortalität und war darüber hinaus prädiktiv für den
Gewichtsverlust in Folge einer bariatrischer Chirurgie bei einer kleinen Stichprobe stark
übergewichtiger Menschen.
Um darauf aufbauend die Methodologie zu verallgemeinern und auf ein robustes,
theoretisches Fundament zu setzen, wurden Definitionen (formal und konzeptuell) entwickelt,
mithilfe derer sich das Vorgehen beim metabolic age score mathematisch statistisch
rechtfertigen lässt. Dieser Rahmen aus Definitionen erlaubt somit die Konstruktion von
individualisierten Phänotypen in

der Medizin. Dabei wurde Individualisierung als die

Differenzierung von Individuen gleichen Phänotyps verstanden, sodass die zugeschriebenen
Differenzen zu zugrundeliegenden biologischen Differenzen korrespondieren. Es zeigte sich,
dass der Vorhersagefehler von statistischen Modellen, welche Phänotypen approximieren,
eben diese Differenzierung leistet. Diese allgemeine Methodologie ist nicht beschränkt auf
eine spezielle Art von Daten und daher anwendbar auf eine breite Palette medizinischer
Fragestellungen mit dem Ziel der Individualisierung.
Obgleich die Ergebnisse bezüglich des metabolic age score sehr vielversprechend aussehen,
muss bedacht werden, dass bei der Nutzung von Metabolom-Daten es viele Faktoren gibt, von
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prä-analytischen Aspekten bis hin zu mess-technischer Varianz, die Störvarianz in die Daten
und damit auch in die statistischen Modelle einführen. Daher ist es unklar, ob Modelle, selbst
wenn sie sich prädiktiv zeigen, stabil genug für die klinische Anwendung sind. Der dritte Teil
der Doktorarbeit beschäftigt sich daher mit der Frage, welche Methode am geeignetsten ist,
die Störvarianz bedingt durch die Verdünnung des Urins aus den Daten wieder heraus zu
rechnen. Es wurden zu diesem Zwecke basierend auf Messfehlertheorie zwei statistische
Kriterien entwickelt.
In Zusammenfassung entwickelte diese Dissertation eine generelle Methodologie für die
Konstruktion von individualisierten Phänotypen und demonstrierte die Anwendbarkeit
bezüglich klinischer Phänotypen auf Metabolom-Daten. Dabei wurde ebenso die statistische
Behandlung von Urin-Metabolom-Daten bezüglich der Verdünnungskorrektur verbessert.
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Table S-1: Descriptive statistics for metabolite concentration in SHIP-0

Metabolite
Anhydro-beta-D-glucose
1-Methylnicotinamide
2-Hydroxyisobutyrate
3-Aminoisobutyrate
3-Hydroxyisovalerate
3-Hydroxymandelate
3-Indoxylsulfate
4-Hydroxyphenylacetate
Acetate
Acetone
Alanine
Aspartate
Benzoate
Betaine
Carnitine
Choline
Citrate
Creatine
Creatinine
Dimethylamine
Ethanol
Ethanolamine
Formate
Galactose
Glucose
Glycine
Glycolate
Hippurate
Histidine
Hypoxanthine
Isopropanol
Lactate
Lysine
Maleate
Mannitol
Methanol
Methylamine
N-N-Dimethylglycine
O-Acetylcarnitine
O-Phosphocholine
Propylene-Glycol
Pyroglutamate
Salicylate
Succinate
Sucrose
Tartate
Taurine
Threonine
Trigonelline
Trimethyl-N-Oxide

Men
Number of
non-zero
measurements
mean (SD)
765(40.0%)
40.81 (28.80)
979(51.1%)
6.03 (2.75)
1900(99.4%)
6.88 (2.18)
1649(86.3%)
9.91 (10.74)
1871(97.9%)
6.71 (2.33)
642(33.6%)
26.18 (19.31)
1378(72.1%)
25.13 (11.26)
1740(91.1%)
13.29 (7.64)
1891(99.0%)
17.51 (11.47)
520(27.2%)
4.35 (7.80)
1870(97.9%)
27.20 (13.81)
880(46.0%)
11.36 (4.82)
51(2.7%)
30.81 (26.70)
1849(96.8%)
12.13 (11.04)
1827(95.6%)
13.36 (9.23)
1159(60.6%)
3.03 (1.40)
1885(98.6%)
205.21 (98.10)
1881(98.4%)
49.40 (29.11)
1885(98.6%)
8.14 (3.84)
1875(98.1%)
41.27 (8.36)
1395(73.0%)
18.64 (88.21)
1811(94.8%)
37.15 (9.09)
1891(99.0%)
30.81 (15.29)
101(5.3%)
21.58 (12.49)
1705(89.2%) 273.95 (1315.06)
1879(98.32%)
111.65 (56.14)
1857(97.2%)
55.24 (20.44)
1870(97.9%)
289.45 (210.05)
1856(97.1%)
68.67 (33.22)
1605(84.0%)
7.98 (4.31)
1434(75.0%)
2.74 (1.67)
1891(99.0%)
12.63 (14.33)
587(30.7%)
24.17 (17.94)
314(16.4%)
1.19 (0.64)
800(41.9%)
300.97 (234.23)
1888(98.8%)
28.19 (17.67)
1191(62.3%)
3.65 (1.63)
1872(98.0%)
4.63 (2.78)
1402(73.4%)
4.97 (2.86)
1045(54.7%)
3.22 (1.44)
905(47.4%)
5.13 (5.86)
1875(98.1%)
27.45 (8.48)
165(8.1%)
76.68 (46.71)
1891(99.0%)
12.56 (5.25)
443(23.2%)
14.04 (12.74)
707(37.0%)
10.08 (13.45)
1723(90.2%)
73.59 (40.67)
1870(97.9%)
12.74 (5.44)
1805(94.5%)
70.01 (51.34)
1880(98.4%)
47.61 (34.47)
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Women
Number of
non-zero
measurements
mean (SD)
674(39.6%)
52.07 (36.68)
759(44.6%)
7.32 (3.43)
1682(98.4%)
7.04 (2.02)
1457(85.7%)
13.78 (15.28)
1685(99.1%)
7.15 (2.42)
613(36.1%)
38.36 (23.77)
1240(72.9%)
32.06 (14.034)
1431(84.2%)
14.54 (7.82)
1674(98.5%)
27.10 (27.38)
465(27.4%)
8.94 (18.50)
1680(98.8%)
27.33 (12.90)
622(36.6%)
12.73 (5.65)
87(5.1%)
52.08 (44.85)
1667(98.1%)
10.79 (8.14)
1594(93.8%)
10.73 (7.75)
974(57.3%)
3.32 (1.54)
1679(98.8%)
325.07 (132.47)
1662(97.8%)
107.16 (94.86)
1674(98.5%)
6.02 (3.33)
1677(98.6%)
45.84 (9.09)
1197(70.4%)
11.55 (18.99)
1598(94.0%)
44.00 (10.42)
1677(98.6%)
36.95 (19.09)
64(3.8%)
27.08 (14.76)
1482(87.2%)
125.78 (578.70)
1666(98.0%)
165.21 (94.43)
1652(97.2%)
65.40 (24.85)
1668(98.1%)
416.58 (317.01)
1598(94.0%)
62.14 (33.18)
1269(76.2%)
8.09 (3.72)
1269(76.2%)
3.50 (2.00)
1687(99.2%)
23.12 (23.22)
347(20.4%)
24.77 (18.52)
234(13.8%)
1.60 (1.02)
715(42.1%)
371.90 (292.48)
1664(97.9%)
39.57 (17.98)
1101(64.8%)
5.06 (2.38)
1641(96.5%)
4.53 (3.10)
1122(66.0%)
5.52 (3.89)
908(53.4%)
3.26 (1.31)
624(36.7%)
6.74 (7.44)
1648(96.9%)
31.03 (11.53)
96(5.6%)
136.16 (92.43)
1688(99.3%)
23.08 (9.92)
355(20.9%)
17.21 (14.76)
662(38.9%)
15.41 (21.30)
1306(76.8%)
62.41 (43.61)
1670(98.2%)
14.09 (6.26)
1607(94.5%)
87.45 (60.35)
1677(98.6%)
49.63 (33.81)

Tyrosine
1762(92.2%)
15.22 (5.63)
1404(82.6%)
14.51 (5.54)
Uracil
874(45.7%)
7.00 (3.05)
671(39.5%)
8.77 (3.34)
Urea
1891(99.0%) 1238.79 (596.50)
1695(99.7%) 1544.10 (704.59)
Valine
1604(83.9%)
3.68 (1.48)
1354(79.6%)
4.07 (1.44)
Xylose
285(14.9%)
32.80 (24.85)
243(14.3%)
45.59 (38.14)
Cis-Aconitate
1835(96.0%)
16.04 (7.24)
1608(94.6%)
19.79 (8.90)
Trans-Aconitate
1444(75.6%)
21.34 (10.95)
1147(67.5%)
24.72 (12.27)
pi-Methyl-Histidine
1507(78.8%)
34.24 (29.80)
1225(72.1%)
39.12 (37.31)
Tau-Methyl-Histidine
1497(78.3%)
25.16 (7.33)
1323(77.8%)
24.87 (7.91)
SD = standard deviation. All concentrations are given in mmol per mol creatinine except for creatinine which is
given in mmol per liter.
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Table S-2: Descriptive statistics for metabolite concentration in SHIP-Trend

Metabolite
Anhydro-beta-D-glucose
1-Methylnicotinamide
2-Hydroxyisobutyrate
3-Aminoisobutyrate
3-Hydroxyisovalerate
3-Hydroxymandelate
3-Indoxylsulfate
4-Hydroxyphenylacetate
Acetate
Acetone
Alanine
Aspartate
Benzoate
Betaine
Carnitine
Choline
Citrate
Creatine
Creatinine
Dimethylamine
Ethanol
Ethanolamine
Formate
Galactose
Glucose
Glycine
Glycolate
Hippurate
Histidine
Hypoxanthine
Isopropanol
Lactate
Lysine
Maleate
Mannitol
Methanol
Methylamine
N-N-Dimethylglycine
O-Acetylcarnitine
O-Phosphocholine
Propylene-Glycol
Pyroglutamate
Salicylate
Succinate
Sucrose
Tartate
Taurine
Threonine
Trigonelline
Trimethyl-N-Oxide
Tyrosine
Uracil

Men
Number of
non-zero
measurements
mean (SD)
138(30.3%)
162.25(111.20)
307(67.3%)
7.52(3.91)
454(99.6%)
5.62(1.70)
301(66.0%)
17.89(23.85)
455(99.8%)
5.78(2.22)
192(42.1%)
28.91(20.34)
378(82.9%)
30.56(14.40)
382(83.8%)
10.17(8.43)
436(95.6%)
9.07(18.04)
340(74.6%)
2.81(2.40)
456(100%)
18.69(9.44)
80(17.5%)
7.21(5.00)
0(0%)
409(89.7%)
9.33(6.50)
442(96.9%)
11.85(10.73)
232(50.9%)
2.91(1.15)
456(100%)
293.26(127.15)
307(67.3%)
60.11(76.79)
456(100%)
6.57(4.26)
456(100%)
39.14(8.48)
35(7.7%)
4.74(4.90)
447(98.0%)
35.31(7.74)
445(97.6%)
15.53(7.44)
47(10.3%)
17.17(5.94)
363(79.6%)
80.23(310.50)
456(100%)
120.40(99.27)
449(98.5%)
45.95(18.43)
456(100%)
361.04(335.80)
434(95.2%)
50.33(32.01)
407(89.2%)
10.54(5.95)
73(16.0%)
2.23(3.21)
455(99.8%)
15.43(14.95)
78(17.1%)
22.86(20.88)
15(3.3%)
5.03(11.00)
71(15.6%)
256.30(345.93)
456(100%)
28.34(16.51)
365(80.0%)
3.87(1.89)
446(97.8%)
2.87(1.96)
297(65.1%)
5.81(3.78)
298(65.4%)
2.78(0.78)
28(6.1%)
6.79(7.00)
419(91.9%)
18.13(4.14)
11(2.4%)
75.66(36.47)
448(98.2%)
4.82(3.36)
22(4.8%)
21.65(39.18)
129(28.3%)
6.45(7.54)
318(69.7%)
49.22(34.09)
447(98.0%)
9.13(4.84)
419(91.9%)
43.95(37.42)
456(100%)
46.93(46.20)
364(79.8%)
9.86(4.25)
297(65.1%)
9.54(3.72)
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Women
Number of
non-zero
measurements
mean (SD)
172(43.7%)
148.66(90.76)
283(71.8%)
5.89(2.23)
392(99.5%)
5.59(1.65)
242(61.4%)
12.57(16.05)
393(99.7%)
5.95(2.31)
175(44.4%)
20.91(16.00)
319(81.0%)
25.17(14.33)
359(91.1%)
9.37(7.24)
368(93.4%)
4.90(4.49)
309(78.4%)
2.17(2.11)
394(100%)
19.38(10.00)
88(22.3%)
6.43(5.14)
1(0.3%)
170.03(-)
370(93.9%)
9.44(6.87)
385(97.7%)
13.33(10.22)
233(59.1%)
2.80(1.01)
394(100%)
195.29(83.10)
99(25.1%)
17.33(24.97)
394(100%)
10.08(6.11)
394(100%)
35.68(10.39)
39(9.9%)
72.74(302.48)
389(98.7%)
30.61(6.40)
391(99.2%)
13.98(6.37)
28(7.1%)
14.00(6.87)
352(89.3%)
136.49(491.74)
394(100%)
84.57(42.91)
389(98.7%)
42.71(15.62)
384(97.5%)
253.29(220.23)
391(99.2%)
54.74(25.06)
374(94.9%)
10.81(7.30)
41(10.4%)
1.99(1.50)
391(99.2%)
6.79(6.41)
94(23.9%)
18.48(29.99)
18(4.6%)
1.49(0.74)
49(12.4%)
182.42(182.92)
394(100%)
20.45(12.19)
319(81.0%)
2.87(1.55)
394(100%)
3.05(1.94)
284(72.1%)
5.27(2.89)
268(68.0%)
2.85(1.22)
49(12.4%)
8.05(12.82)
369(93.7%)
16.28(4.18)
16(4.1%)
62.27(35.58)
379(96.2%)
3.04(1.93)
25(6.3%)
7.95(8.48)
125(31.7%)
4.02(4.29)
344(87.3%)
61.74(47.51)
392(99.5%)
8.91(4.10)
365(92.6%)
33.09(32.13)
394(100%)
47.21(71.78)
367(93.1%)
10.36(4.15)
316(80.2%)
7.70(2.83)

Urea
456(100%) 3464.89(1163.97)
394(100%) 2909.89(1011.20)
Valine
278(61.0%)
3.59(1.37)
308(78.2%)
3.35(1.35)
Xylose
5(1.1%)
37.63(40.89)
8(2.0%)
34..81(22.48)
Cis-Aconitate
455(99.8%)
20.03(5.88)
394(100%)
16.21(4.54)
Trans-Aconitate
131(28.7%)
5.65(2.06)
228(57.9%)
5.53(1.84)
pi-Methyl-Histidine
305(66.9%)
42.43(51.61)
302(76.6%)
41.44(41.88)
Tau-Methyl-Histidine
324(71.1%)
21.97(6.66)
334(84.8%)
23.06(5.67)
SD = standard deviation. All concentrations are given in mmol per mol creatinine except for creatinine which is
given in mmol per liter.
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Table S-3: Comparison of whole SHIP-0 sample with the analyzed sample
Total sample SHIP-0

Sample SHIP-0 used for
NMR analyses1
women
Men
1700
1911
48.44(16.23)
50.65(16.55)
83.31(13.23)
95.68(11.64)
26.97(5.44)
27.65(4.02)
26.88%
25.10%
26.83%
34.02%
43.57%
40.86%
25.53%
27.46%
1.59(1.08)
2.13(1.64)
17.88%
33.23%
8.78%
12.36%
1.36%
5.29%

women
men
N
2116
2192
Age, mean years (SD)
48.79(16.14) 50.84(16.58)
Waist circumference, mean cm (SD)
83.23(13.16) 95.72(11.67)
BMI, mean kg/m2 (SD)
26.92(5.35) 27.65(4.03)
BMI ≥30, %
26.14%
25.28%
Smoking, %
26.97%
33.78%
Physical activity,%
43.32%
40.97%
Use of Antihypertensiva, %
25.78%
28.43%
Triglycerides, mean mmol/L (SD)
1.59(1.24)
2.13(1.61)
Hypertriglyceridemia (>2.26 mmol/L), %
17.88%
33.36%
Diabetes, %
9.29%
12.71%
Myocardial infarction in the past, %
1.36%
5.42%
Microalbuminuria
(ACR>3.5mg/mmol),%
13.16%
14.35%
13.68%
14.55%
SHIP = Study of Health in Pomerania, BMI = body-mass-index, SD = standard deviation, NMR = nuclear
magnetic resonance, ACR = albumin-creatinine-ratio. 1Sample size after outlier detection and removal of cases
with creatinine levels < 2 mmol/L.
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Table S-4: Associations of the age independent part of the metabolic age score
(untargeted approach, probabilistic quotient normalization based model)
p-value1 direction of effect

N(cases) N(control)
SHIP-0
Categorial phenotypes (binary)
Physical activity4

F
1515

4

Smoking

2080

1101

5

Diabetes

2494

384

Intake of Antihypertensiva
Hypertriglyceridemia

4

2

3

Adiposity

History of myocardial infarction
Microalbuminuria6
Dimensional phenotypes

4

3214

1.05

0.3049

n.s.

26.05

-7

cases “younger”

2.46*10

-25

cases "older"

5.94*10

-12

n.s.

109.83

3.50*10

955

2642

47.67

938

2673

0.02

0.9019

cases "older"

936

2675

10.17

0.0014

cases “older”

-6

cases “older”

0.0001

cases "older"

123

3464

22.80

450

2875

15.16

N

1.87*10

t

HBA1C

3594

8.92

7.06*10-19

Linear increase

Log ACR

3325

5.35

9.55*10-8

Linear increase

Survival Analyses

HR per SD

z

Sex and age adjusted

1.17

3.70

2.16*10-4

Fully adjusted model

1.18

3.58

3.43*10-4

P-values were derived from two-way ANOVA with, phenotype, sex and phenotype-sex interaction-term as
factors for categorical outcomes and analogous regressions for dimensional phenotypes with robust standard
errors. All analyses in SHIP-TREND were done on fasting-time corrected residuals. n.s. = not significant.
ACR=albumin-creatinine-ratio. HR per SD=Hazard ratio per standard deviation. 1p-value in SHIP-0 two-tailed,
in SHIP-TREND (replication) one-tailed. 2Defined as TG above 2.26 mmol/l. 3Adiposity equivalent to BMI over
30 4Self-reported. 5Defined as HbA1c>6.5 or use of antidiabetic medication. 6Defined as albumin-creatine ratio
above 3.5mg per mmol creatinine.
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Table S-5: Contribution of single metabolites to the metabolic age score in SHIP-0 for
the probabilistic quotient normalized model

Anhydro-beta-D-glucose
1-Methylnicotinamide
2-Hydroxyisobutyrate
3-Aminoisobutyrate
3-Hydroxyisovalerate
3-Hydroxymandelate
3-Indoxylsulfate
4-Hydroxyphenylacetate
Acetate
Acetone
Alanine
Aspartate
Benzoate
Betaine
Carnitine
Choline
Citrate
Creatine
Creatinine
Dimethylamine
Ethanol
Ethanolamine
Formate
Galactose
Glucose
Glycine
Glycolate
Hippurate
Histidine
Hypoxanthine
Isopropanol
Lactate
Lysine
Maleate
Mannitol
Methanol
Methylamine
N-N-Dimethylglycine
O-Acetylcarnitine
O-Phosphocholine
Propylene-Glycol
Pyroglutamate
Salicylate
Succinate
Sucrose
Tartate
Taurine
Threonine
Trigonelline
Trimethyl-N-Oxide
Tyrosine
Uracil

Men
Contributed
Variance
p-Value
1.33%
1.60*10-7
12.45%
3.70*10-56
5.97%
1.46*10-27
0.43%
0.0056
16.57%
4.31*10-78
1.40%
5.17*10-7
1.60%
8.16*10-8
0.04%
0.174
0.00%
0.823
0.00%
0.550
1.30%
1.44*10-6
2.89%
7.30*10-13
0.08%
0.11
4.19%
7.43*10-19
6.40%
1.93*10-29
1.57%
1.03*10-07
2.09%
1.86*10-9
4.09%
2.03*10-18
16.90%
9.75*10-78
0.92%
1.58*10-5
0.25%
0.016
19.18%
2.93*10-89
2.62%
3.74*10-12
0.44%
0.0021
8.78%
3.46*10-39
13.40%
1.07*10-60
29.20% 5.33*10-144
4.36%
1.34*10-19
20.34%
3.23*10-95
7.97%
1.59*10-35
0.47%
0.041
5.56%
8.04*10-25
0.00%
0.730
0.09%
0.095
4.49%
4.86*10-21
1.52%
1.69*10-7
7.08%
1.48*10-31
0.04%
0.1936
3.50%
6.44*10-16
1.99%
1.73*10-9
0.39%
0.0035
9.54%
1.17*10-42
12.78%
7.91*10-59
1.80%
2.41*10-9
0.27%
0.0126
0.63%
0.0003
1.74%
4.35*10-9
8.28%
6.18*10-38
4.85%
1.04*10-21
1.59%
8.71*10-8
4.89%
6.89*10-22
14.89%
7.27*10-68

Women
Contributed
Variance
p-Value
0.00%
0.5393
9.99% 5.92*10-40
1.90%
3.20*10-8
1.92%
2.59*10-8
14.50% 6.70*10-59
2.65% 8.42*10-12
2.48% 4.05*10-11
0.051%
0.0018
2.40% 4.10*10-10
0.03%
0.2151
0.55%
0.0013
5.82% 1.96*10-23
0.63%
0.0006
5.58% 3.25*10-23
1.37%
7.20*10-7
2.30% 9.49*10-10
1.10%
2.97*10-5
4.41% 1.33*10-18
12.52% 1.59*10-51
0.06%
0.1512
0.00%
0.7662
10.93% 8.21*10-44
8.31% 4.11*10-33
0.53%
0.0016
3.56% 1.68*10-14
12.96% 1.59*10-52
18.57% 7.62*10-77
0.00%
0.9049
30.83% 5.41*10-137
1.18% 1.56*10-05
0.00%
0.6016
2.90% 5.27*10-12
1.64%
2.99*10-7
0.60%
0.0006
7.44% 2.150*10-7
0.74%
0.0007
9..84% 2.52*10-39
0.67%
0.0004
0.59%
0.0009
1.78%
8.78*10-8
0.85%
8.45*10-5
1.77%
9.48*10-8
8.03% 5.69*10-33
8.46% 9.81*10-35
0.64%
0.0015
0.16%
0.0527
1.93% 5.465*10-9
25.35% 6.96*10-109
4.71% 6.36*10-19
2.20%
2.28*10-9
1.71% 1.66*10-07
11.45% 5.71*10-46
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Urea
Valine
Xylose
Cis-Aconitate
Trans-Aconitate
pi-Methyl-Histidine
Tau-Methyl-Histidine

8.03%
0.70%
0.53%
0.44%
0.52%
1.75%
7.05%

8.65*10-37
0.0044
0.0081
0.0022
0.0009
3.94*10-9
2.02*10-31

1.55%
2.56%
0.48%
0.02%
0.38%
0.62%
1.10%

1.51*10-7
9.92*10-11
0.0025
0.2428
0.0062
0.0007
8.779*10-6

Sum of variance portions exceed one due to shared variance between metabolites. Contributed variance equals
the adjusted R2. Negative adjusted R2 were set to zero. P-values derived from corresponding ANOVAs.
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Table S-6: Associations of the age independent part of the metabolic age score (targeted
approach, probabilistic quotient normalization based model)
p-value1 direction of effect

N(cases) N(control)
SHIP-0
Categorial phenotypes (binary)
4

Physical activity
4

Smoking

5

F
1515

2080

6.95

0.0084

cases „younger“

1101

2494

0.00

0.9508

n.s

-29

cases "older"

Diabetes

384

3214

128.65

Intake of Antihypertensiva4

955

2642

63.38

2.27*10-15

cases "older"

-6

cases "older"

Hypertriglyceridemia

2

3

Adiposity

History of myocardial infarction
Microalbuminuria

6

Dimensional phenotypes
HBA1C
Log ACR
Survival Analyses

4

2.54*10

938

2673

23.68

936

2675

9.10

0.0026

cases “older”

18.02

-5

cases “older”

-15

cases "older"

10.71

2.21*10-26

Linear increase

8.46

-17

Linear increase

123

3464

450

2875
N

57.73

1.19*10
2.24*10
4.30*10

t

3594
3325
HR per SD

4.10*10

z

Sex and age adjusted

1.24

4.70

2.60*10-6

Fully adjusted model

1.18

3.40

6.74*10-4

P-values were derived from two-way ANOVA with, phenotype, sex and phenotype-sex interaction-term as
factors for categorical outcomes and analogous regressions for dimensional phenotypes with robust standard
errors. All analyses in SHIP-TREND were done on fasting-time corrected residuals. n.s. = not significant.
ACR=albumin-creatinine-ratio. HR per SD=Hazard ratio per standard deviation. 1p-value in SHIP-0 two-tailed,
in SHIP-TREND (replication) one-tailed. 2Defined as TG above 2.26 mmol/l. 3Adiposity equivalent to BMI over
30 4Self-reported. 5Defined as HbA1c>6.5 or use of antidiabetic medication. 6Defined as albumin-creatine ratio
above 3.5mg per mmol creatinine.
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Table S-7: Correlation of metabolites between measurement points in the bariatric
surgery sample
Metabolite

r

Metabolite

r

Anhydro-beta-D-glucose
1-Methylnicotinamide
2-Hydroxyisobutyrate
3-Aminoisobutyrate

-0.0688
0.3915
0.628
0.4231

Isopropanol
Lactate
Lysine
Maleate

0.1539
-0.111
0.5285
0.7949

3-Hydroxyisovalerate

0.1956

Mannitol

0.0908

3-Hydroxymandelate
3-Indoxylsulfate

0.4836
0.1422

Methanol
Methylamine

-0.252
0.4534

4-Hydroxyphenylacetate
Acetate

0.1503
0.272

N-N-Dimethylglycine
O-Acetylcarnitine

0.0748
0.3681

Acetone

0.2413

O-Phosphocholine

0.3092

Alanine
Aspartate

-0.1006
0.3781

Propylene-Glycol
Pyroglutamate

0.454
0.1989

Benzoate
Betaine
Carnitine
Choline
Citrate
Creatine

-0.0154
0.06
0.2302
0.0647
0.3189
0.419

Salicylate
Succinate
Sucrose
Tartate
Taurine
Threonine

0.5934
0.0437
0.0441
-0.2813
0.2236

Creatinine
Dimethylamine

0.4816
0.1036

Trigonelline
Trimethyl-N-Oxide

0.5965
0.0173

Ethanol

-0.0667

Tyrosine

0.3893

Ethanolamine
Formate
Galactose
Glucose
Glycine
Glycolate
Hippurate

0.5419
0.1666
-0.0532
0.0648
0.2988
0.4184
0.091

Uracil
Urea
Valine
Xylose
Cis-Aconitate
Trans-Aconitate
pi-Methyl-Histidine

0.1966
0.1517
0.3079
0.0162
0.2641
0.0071
-0.0065

Histidine

0.4231

Tau-Methyl-Histidine

-0.0958

Hypoxanthine

-0.258

Table denotes the self-correlations of metabolites between the two measurement points (1-year follow up, n=32)
in the bariatric surgery sample. Salicylate had all zero measurements before surgery.
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Equations S-1: Equations of the metabolic age score
The following equations were used to derive the metabolic age score for women and men separately.
The equations were estimated by the multivariate fractional polynomial algorithm allowing two terms
and four degrees of freedom per metabolite with a maximum of six cycles of optimization. The
possible transformations were X-2, X-1, X-0.5, ln(X), X0.5, X, X2, X3. All metabolites were measured as
mmol per mol creatinine except creatinine which was given in mmol per liter. The equation is given in
such a form that STATA can read it. Note that there can be minor differences in the scores between
different statistic software due to different truncation of decimal fractions.
Equation of the metabolic age score (women):
0.0028187*(x16a-22.58380746)-0.1529041*(x1mn-3.547545207)-6.211752*((0.1*x2hi)^(-0.5)1.182708287)+0.008015*(x3ai-14.52488154)-0.0151392*(((0.1*x3hi+0.1*4.29153442383e-6))^(0.5)-1.178278631)-19.19969*(((0.1*x3hi+0.1*4.29153442383e-6))^(0.5)-0.8486956934)0.0457587*(x3hm-15.18876669)-0.0006719*(x3is-23.75676879)-0.007456*(x4hp13.82659704)+2.871e-10* (((0.01*acta+0.01*0.0000228881835938))^(-2)-9.969558556)2.627733*(((0.01*acta+0.01*0.0000228881835938))^(-0.5)-1.776924528)-0.0008179*(acto3.233638695)-12.61277*(((0.01*alan+0.01*0.0000152587890625))^(-0.5)-1.882278261)0.8031516*(((alan+0.0000152587890625)/100)^(-0.5)*(ln((alan+
0.0000152587890625)/100))+2.381017568)+0.0138461*(aspa-4.889393696)+0.0394924*(benz3.056968361)+ 5.347e-12* (((beta+1.90734863281e-6)/100)^(-2)-71.53192411)2.030377*(((beta+1.90734863281e-6)/100)^(-0.5)-2.908204732)-0.033495*(carn10.75955291)+0.048573*(chol-1.981421921)+0.0160575*(citr-328.1907423)-0.0045518*(crti118.1941397)-0.387911*(crea-6.23823735)+67.04976* (ln(dime/100)+0.7623504386)151.7241*((dime/100)^(0.5)-0.6830581942)+0.0062367*(etha-10.00180638)-0.0299887*(eami41.74544226)-6.115061*(((form+0.0000228881835938)/100)0.3762349882)+8.350843*(((form+.0000228881835938)/100)*(ln((form+0.0000228881835938)/100)
)+ 0.3677852629)-0.0248426*(gala-1.174847221)-0.000332*(gluc-178.0550844)-0.0130961*(glyi174.4422528)-13.92224*(((glyo+0.0000114440917969)/100)-0.6594672126)
+10.12172*(((glyo+0.0000114440917969)/100)*(ln((glyo+0.0000114440917969)/100))
+0.2745513839)+0.001911*(hipp-450.3745457)-5.947081*(ln(((hist+0.0000114440917969)/100))
+0.4830611831)-0.3482723*(ln(((hist+0.0000114440917969)/100))^2-0.2333481066)+
0.1046984*(hypo-6.46675688)+ 0.0687272*(isop-2.77123744)-8.216e-13*
(((lact+0.0000123977661133)/100)^(-2)-15.61731795)4.157854*(ln(((lact+0.0000123977661133)/100)) +1.374190212)+0.0259619*(lysi-6.355262078)0.0301814*(male-0.2800955368)+0.000863*(mann-173.5700555)+0.0325962*(meth-41.01532915)0.2506775*(mami-3.484585471)-0.0126951*(nndi-4.42729227)+5.487e11*(((oace+7.15255737305e-7)/10)^(-2)-7.363423968)-2.869953*(((oace+7.15255737305e-7)/10)^(0.5)-1.647289582)-0.110551*(opho-1.846574565)-0.0301174*(prop2.945046011)+0.0018497*(pyro-30.25924893)-3.89e-9* (((sali+0.023040771484375)/1000)^(-2)14350.26565)-25.25342*(((succ+9.53674316406e-6)/100)^(0.5)-0.4829784138)-0.0115546*(sucr4.274955123)+0.0016444*(tart-8.320917437)+0.0323067*(taur-50.08022982)0.1101928*(((thre+0.0000162124633789)/10)^(-0.5)-.8338429256)-6.546561*
(ln(((thre+0.0000162124633789)/10))-0.363420466)+1.29e-9*(((trig+0.0000629425048828)/100) ^(2)-1.281744981)-2.591091*(((trig+0.0000629425048828)/100)^(-0.5)1.064021507)+0.001997*(tman-53.36697248)+0.1522698*(tyro-12.44992775)-0.2806662*(urac3.599799275)+0.0000403*(urea-1553.743385)+3.602e-10*(((vali+1.43051147461e-6)/10)^(-2)8.914395823)-6.660593*(((vali+ 1.43051147461e-6)/10)^(-0.5)-1.727917402)-0.002296*(xylo138

7.069054561)+0.1724695*(caco-19.22483143)+0.0682127*(taco-17.17269714)-0.0050095*(pmet32.84647344)+0.0730364*(tmet-19.81676941)+56.80308

Equation of the metabolic age score (men):
-0.0096887 *(x16a-18.16206499)-0.2036086 *(x1mn-3.166626245)+0.0361007 *(x2hi6.923360391)+3.268217 *(((x3ai+1.43051147461e-6)/100)^0.5-0.3427496163)-0.7456181 *(x3hi6.942273874)-12.61301 *(((x3hm+0.0000448226928711)/100)-0.1010636737)+10.3015
*(((x3hm+0.0000448226928711)/100)^2-0.0102138662)+0.0176161*(((x3is+
.0000228881835938)/10)^3-6.491276339)+0.0051648 *(x4hp-14.04949012)+0.015414*(acta19.20677433)-0.0105712 *(acto-1.815711795 )+0.0063975 *(alan-29.01836936)-1.621512
*(((aspa+0.0000228881835938)/10)^0.5-0.7439778757)+3.082664*
(((aspa+0.0000228881835938)/10)^0.5*ln((aspa+0.0000228881835938)/10)+0.4400539583)+0.03095
16 *(benz-1.088982513)+3.097759 *(((beta+1.43051147461e-6)/100)-0.1435647821)-9.230786
*(((beta+1.43051147461e-6)/100)*ln((beta+1.43051147461e-6)/100)+.2786547776)-0.0280925
*(carn-13.58950629)+0.0795109 *(chol-1.923879936)+2.447243
*(((citr+0.0000762939453125)/100)^2-4.356742111)-1.140832*(((citr+0.0000762939453125)/100)^2
*ln((citr+0.0000762939453125)/100)-3.205962174)+4.232486 *(((crti+0.0000171661376953)/100)0.54074647)-0.9045803 *(((crti+0.0000171661376953)/100)^2-0.2924067448)-0.1673883 *(crea8.392567502)+72.20187 *((dime/100)-0.4229548774)-105.0348 *((dime/100)*ln(dime/100)
+0.3639483487)-0.0018756 *(etha-23.8639959)-7.005e-10*(((eami+0.000030517578125)/100)^-27.902468573)+4.157483 *(((eami+0.000030517578125)/100)^-0.5-1.676643364)+0.0287023 *(form31.28282294)-0.0784936 *(gala-1.273161574)+5.953e-14 *(((gluc+0.000030517578125)/10000)^-2216.8895365)-0.353625 *(((gluc+0.000030517578125)/10000)^-0.5-3.837599511)-18.48399
*(((glyi+0.0000381469726563)/100)^0.5-1.081535937)+5.653835 *(((glyi+
0.0000381469726563)/100)-1.169719982)-24.85991*(((glyo+0.0000801086425781)/100)0.5593457357)+10.45422* (((glyo+0.0000801086425781)/100)^2-0.312867652)2.549432*(((hipp+0.000091552734375)/1000)^-0.5-1.783809609)-0.1573244
*(((hipp+0.000091552734375)/1000)^-0.5*ln((hipp+ 0.000091552734375)/1000)+2.064764287)0.0652056 *(hist-68.28806912)+0.0031464 *(hypo-7.207002712)+0.0722541*(isop2.208640759)+1.202e-11 *(((lact+2.86102294922e-6)/100)^-2-52.22595277)-2.48611*
(((lact+2.86102294922e-6)/100)^-0.5-2.688261999)+5.791e-10*(((lysi+0.0004186630249023)/100)^2-133.5585965)+3.199642 *(ln((lysi+ 0.0004186630249023)/100)+2.447270153)+0.0914742 *(male0.2220974356)+0.2246536 *(ln((mann+0.00054931640625)/1000)+1.985383352)+0.004026 *(meth27.99199048)+4.151588 *(((mami+2.14576721191e-6)/10)^-0.5-2.010290089)+0.2701299
*(((mami+2.14576721191e-6)/10)^-0.5*ln((mami+2.14576721191e-6)/10)+2.807486846)-0.5444514
*(ln((nndi+9.53674316406e-7)/10)+.7470928939)+0.1435821 *(oace-3.883506716)-0.1118597
*(opho-1.852966594)-0.0327726 *(prop-2.881218754)-0.0285225 *(pyro-27.44485777)+0.7354346
*(ln((sali+ 0.0020523071289063)/100)+2.589929563)-0.2996765 *(succ-12.77525548)-0.0252372
*(sucr-3.887265922)+0.1212695*(ln((tart+.00000152587890625)/100)+2.992699746)+7.588386
*(((taur+0.0000190734863281)/100)^0.5-0.825872577)-0.0385465 *(thre-13.15695575)+4.16e10*(((trig+0.0000381469726563)/100)^-2-2.042408973)1.768849*(((trig+0.0000381469726563)/100)^-0.5-1.195461729)-0.0118917 *(tman53.7496743)+0.1814059 *(tyro-14.61541461)-3.509079 *(((urac+0.0000143051147461)/100)0.033194094)+15.99531*(((urac+0.0000143051147461)/100)*
ln((urac+0.0000143051147461)/100)+0.1130386138)-0.0011423 *(urea-1259.168704)+0.6148705
*(((vali+2.38418579102e-7)/10)^3-.0373242594)-0.0084763 *(xylo-5.538961864)+0.1048846
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*(caco-15.86300852)+0.0216132 *(taco-16.71666976)-0.0042056 *(pmet-30.44146847)+0.0181369
*(tmet-20.09695675)+63.21852

Abbreviations for metabolites:
Anhydro-beta-D-glucose
1-Methylnicotinamide
2-Hydroxyisobutyrate
3-Aminoisobutyrate
3-Hydroxyisovalerate
3-Hydroxymandelate
3-Indoxylsulfate
4-Hydroxyphenylacetate
Acetate
Acetone
Alanine
Aspartate
Benzoate
Betaine
Carnitine
Choline
Citrate
Creatine
Creatinine
Dimethylamine
Ethanol
Ethanolamine
Formate
Galactose
Glucose
Glycine
Glycolate
Hippurate
Histidine
Hypoxanthine
Isopropanol
Lactate
Lysine
Maleate
Mannitol
Methanol
Methylamine
N-N-Dimethylglycine
O-Acetylcarnitine
O-Phosphocholine
Propylene-Glycol
Pyroglutamate
Salicylate
Succinate
Sucrose
Tartate
Taurine
Threonine

x16a
x1mn
x2hi
x3ai
x3hi
x3hm
x3is
x4hp
acta
acto
alan
aspa
benz
beta
carn
chol
citr
crti
crea
dime
etha
eami
form
gala
gluc
glyi
glyo
hipp
hist
hypo
isop
lact
lysi
male
mann
meth
mami
nndi
oace
opho
prop
pyro
sali
succ
sucr
tart
taur
thre
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Trigonelline
Trimethyl-N-Oxide
Tyrosine
Uracil
Urea
Valine
Xylose
Cis-Aconitate
Trans-Aconitate
pi-Methyl-Histidine
Tau-Methyl-Histidine

trig
tman
tyro
urac
urea
vali
xylo
caco
taco
pmet
tmet
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Figure S-1: Q-Q-plots for normality of the metabolic age score (creatinine normalization
based model)

Figure S1 a: Quantile-Quantile-plot for normality of the metabolic age score in women. The metabolic age score
shows approximate normality as no systematic major departure of its density from normality is observed.

Figure S1 b: Quantile-Quantile-plot for normality of the metabolic age score in men. The metabolic age score
shows approximate normality as no systematic major departure of its density from normality is observed.
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I Extended Methods regarding the SHIP studies
Study Populations and Follow-up
SHIP-0 consisted of adult German residents in northeastern Germany living in 3 cities and 29
communities and had a total population of 212,157. A two-stage stratified cluster sample (aged 20-79
years at baseline) was randomly drawn from local registries. In total, 4,308 Caucasian subjects
participated at baseline SHIP-0 (1997-2001).
For mortality analysis, information on vital status was collected from population registries at annual
intervals from the time of enrollment into the SHIP-0 cohort through 2015. Death or failure to followup led to censoring of subjects. The number of months between the baseline examination and
censoring was defined as the follow-up length. The median duration of follow-up was 158.72 months
(first quartile: 146.92 months; third quartile: 168.51 months). Death certificates (coded by a certified
nosologist according to the International Classification of Diseases, 10th version) were requested from
the local health authority of the residence of death. Cardiovascular disease (CVD) included codes I10
to I79. Additionally, two internists independently validated the underlying cause of death in each case,
and performed a joint reading in cases of disagreement. A third internist finally decided in cases of
still existing disagreement.
Measurements
Sociodemographic factors and medical history were assessed by a computer-assisted face-to-faceinterview with similar methodology in SHIP-0 and SHIP-TREND-0. Smoking was defined as current
smoking and non-smoking. Having completed the interview, participants underwent medical
examinations, including the measurement of height and weight to calculate the body mass index
(BMI) and waist circumference (WC). After a resting period of at least five minutes, systolic and
diastolic blood pressure was measured three times (at an interval of 3 min) on the right arm of seated
subjects by use of an oscillometric digital blood pressure monitor (HEM-705CP, Omron Corporation,
Tokyo, Japan). The mean of the second and third measurements was used.
Follow-up of Vital Status in SHIP-0
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For mortality analysis, information on vital status was collected from population registries at annual
intervals from the time of enrollment into the SHIP-0 cohort. Death or failure to follow-up led to
censoring of subjects. The number of years between the baseline examination and censoring was
defined as the follow-up length. The median follow-up time was 13.28 years (interquartile range:
12.29-14.10 years). A total of 758 individuals of the total study population died with 257 cases caused
by cardiovascular diseases. Death certificates (coded by a certified nosologist according to the
International Classification of Diseases, 10th version) were requested from the local health authority of
the residence of death. Cardiovascular disease (CVD) included codes I10 to I79, and cancer C00 to
C97. Additionally, two internists independently validated the underlying cause of death in each case,
and performed a joint reading in cases of disagreement. A third internist finally decided in cases of
still existing disagreement.
Assays in SHIP-0
Glycated hemoglobin (HbA1c) concentrations were determined by high-performance liquid
chromatography (Bio-Rad Diamat, Munich, Germany). Total and high-density lipoprotein (HDL)
cholesterol were measured photometrically (SHIP-0: Hitachi 704; Roche Diagnostics, Mannheim,
Germany) and the ratio of total cholesterol to HDL cholesterol (CHOL/HDL) was calculated. Lowdensity lipoprotein (LDL) cholesterol was measured in SHIP-0 by applying a precipitation procedure
using dextran sulphate (Immuno, Heidelberg, Germany) on an Epos 5060 (Eppendorf, Hamburg,
Germany). Triglycerides were determined enzymatically using reagents from Roche Diagnostics
(SHIP-0: Hitachi 717, Roche Diagnostics, Mannheim, Germany). Urine and serum creatinine
concentrations were measured using the Jaffé method (SHIP-0: Hitachi 717, Roche Diagnostic,
Mannheim, Germany). High-sensitive CRP (hsCRP) concentrations were determined in serum using a
Behring Nephelometer in SHIP-0 (Dade Behring Instrumentation Eschborn, Germany). White blood
cells (WBC) count was measured within 120 min either with a Coulter Max M analyzer (Coulter
Electronics, Miami, USA) or with a Coulter T660 analyzer in SHIP-0 (Coulter Electronics, Miami,
USA). Interleukin 6 (IL-6) was assessed by chemiluminescent immunometric assays (Siemens
Immulite 2500, Siemens Healthcare Medical Diagnostics, Bad Nauheim, Germany). Skilled technical
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personnel performed all assays according to the manufacturer´s recommendations. Additionally, the
laboratory is a participant in official quarterly German external proficiency programs.
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II Parametrizations of the prediction scores targeting the refinement of anthropometric
measures of obesity

Table S1: Parametrization of the prediction score for the waist circumference in men
(n=1716) after applying the multivariate fractional polynomials.
Predictor

Transformations

Coefficient (95%-CI)

p-value

X-0.741

17.49(9.31;25.66)

<0.001

X*ln(X) +0.222

-14.71(-22.06;7.36)

<0.001

Red blood cells

X-4.644

1.56(0.40;2.73)

0.009

White blood cells

X-6.676

-0.53(-0.76;-0.31)

<0.001

Glycated hemoglobin

X-5.482

1.85(1.31;2.39)

<0.001

Triglycerides

ln(0.1*x)+1.568

4.56(3.61;5.52)

<0.001

CHOL/HDL

(0.1*X)-1-2.114

-1.36(-2.06;-0.65)

<0.001

CRP (high sensitive)

(0.1*X)-0.5-1.918

-1.96(-2.28;-1.64)

<0.001

(0.01*X)-2-0.494

-17.17(-20.58;-13.76)

<0.001

99.84(99.26;100.43)

<0.001

Cystatin C

Systolic blood
pressure
Constant

CI=Confindence Interval; CHOL/HDL= quotient of total cholesterol to high density
lipoprotein cholesterol; CRP=C-reactive protein
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Table S2: Parametrization of the prediction score for the waist circumference in women
(n=1831) after applying the multivariate fractional polynomials.
Predictor

Transformations

Coefficient (95%-CI)

p-value

Cystatin C

(X)-1-1.463

-6.39(-8.17;-4.61)

<0.001

Red blood cells

X-4.216

4.31(2.88;5.73)

<0.001

White blood cells

X-6.764

-0.05(-0.28;0.19)

0.706

Glycated hemoglobin

X-5.318

1.05(0.46;1.65)

<0.001

(0.1*X)-2-41.592

0.02(0.01;0.02)

<0.001

(0.1*X)-0.5-2.540

-4.37(-5.77;-2.96)

<0.001

(0.1*X)0.5-0.621

65.53(43.87;87.19)

<0.001

ln(0.1*X)*(0.1*X)0.5-0.592

-44.69(-63.30;-26.08)

<0.001

ln(0.1*X)+1.194

2.88(2.44;3.31)

<0.001

(0.01*X)0.5-1.138

66.95(50.29;83.60)

<0.001

(0.01*X)3-2.174

-2.74(-3.87;-1.60)

<0.001

87.51(86.86;88.17)

<0.001

Triglycerides

CHOL/HDL

CRP (high sensitive)

Systolic blood pressure

Constant

CI=Confindence Interval; CHOL/HDL= quotient of total cholesterol to high density
lipoprotein cholesterol; CRP=C-reactive protein
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Mathematical Proofs of the Criteria for the Multiplicative Measurement Error Model
The multiplicative measurement error model is displayed by
̂𝑗 = 𝑬𝒋 𝑿 𝑤𝑖𝑡ℎ 𝐸(𝑬𝒋 ) = 1 𝑎𝑛𝑑 𝐶𝑂𝑉(𝑿, 𝑬𝒋 ) = 0
(1) 𝑿
̂ 𝒋 by the method j and Ej is the corresponding
where X is the true value of a measurement 𝑿
measurement error term. The measurement error term has an expectation value of one and is
stochastically independent of X.
Consider now the normalized urinary concentrations with the urinary concentrations being
̂𝑗 of the true dilution V derived by the method j
normalized by an estimator 𝑽
̂ 𝒋 = 𝑬𝒋 𝑽
(2) 𝑽
satisfying the multiplicative error model above. Moreover, as in the main text, we assume
mutual stochastic independence between V, Ej and all other parameters.
Proof for the first criterion
We can write down the correlation of the normalized urinary concentration to the blood
concentration:

(3) 𝐶𝑂𝑅𝑅 (𝒀𝑼𝑵𝒋 , 𝒀𝑩 ) =

𝐶𝑂𝑉(𝒀𝑼𝑵𝒋 ,𝒀𝑩 )
√𝑉𝐴𝑅(𝒀𝑼𝑵𝒋 )𝑉𝐴𝑅(𝒀𝑩 )

=

𝐶𝑂𝑉(𝐜𝒀𝟎 𝑬𝒋 ,𝒀𝑩 )
√𝑉𝐴𝑅(𝐜𝒀𝟎 𝑬𝒋 )𝑉𝐴𝑅(𝑌𝐵 )

=

𝐸(𝑬𝒋 )𝐶𝑂𝑉(𝐜𝒀𝟎 ,𝒀𝑩 )
√(𝑉𝐴𝑅(𝐜𝒀𝟎 𝑬𝒋 ))𝑉𝑎𝑟(𝒀𝑩 )

=

𝐶𝑂𝑉(𝐜𝒀𝟎 ,𝒀𝑩 )
√(𝑉𝐴𝑅(𝐜𝒀𝟎 𝑬𝒋 ))𝑉𝑎𝑟(𝒀𝑩 )

Now, we calculate the term 𝑉𝐴𝑅(𝐜𝒀𝟎 𝑬𝒋 ):
(4) 𝑉𝐴𝑅(𝐜𝒀𝟎 𝑬𝒋 ) = 𝐸(𝒄𝟐 𝒀𝟐𝟎 𝑬𝟐𝒋 ) − 𝐸 2 (𝒄 𝒀𝟎 𝑬𝒋 ) = 𝐸(𝒄𝟐 𝒀𝟐𝟎 )𝐸(𝑬2𝑗 ) − 𝐸 2 (𝒄 𝒀𝟎 )𝐸 2 (𝑬𝑗 ) =
𝐸(𝒄𝟐 𝒀𝟐𝟎 )(𝑉𝐴𝑅(𝑬𝑗 ) + 1) − 𝐸 2 (𝒄 𝒀𝟎 )
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We used that 𝐸(𝑬𝒋 ) = 1 and the elementary relation 𝐸 2 (𝑬𝟐𝒋 ) = 𝑉𝐴𝑅(𝑬𝒋 ) + 𝐸 2 (𝑬𝒋 ). Thus,
(3) will get lower with increasing error variance by (4).
Proof for the second criterion
Consider the correlation between the raw urinary concentration and the normalized
concentration by a method j:

(5) 𝐶𝑂𝑅𝑅 (𝒀𝑼𝑵𝒋 , 𝒀𝑼 ) =
𝟏
𝑽

𝐸( )𝑉𝐴𝑅(𝐜𝒀𝟎 )

𝐶𝑂𝑉(𝒀𝑼𝑵𝒋 ,𝒀𝑼 )
√𝑉𝐴𝑅(𝒀𝑼𝑵𝒋 )𝑉𝐴𝑅(𝒀𝑼 )

=

𝐜𝒀
𝐶𝑂𝑉(𝐜𝒀𝟎 𝑬𝒋 , 𝟎 )
𝑽

√𝑉𝐴𝑅(𝐜𝒀𝟎 𝑬𝒋 )𝑉𝐴𝑅(𝒀𝑼 )

=

𝟏
𝑽

𝐸(𝑬𝒋 )𝐸( )𝑉𝐴𝑅(𝐜𝒀𝟎 )
√(𝑉𝐴𝑅(𝐜𝒀𝟎 𝑬𝒋 ))𝑉𝑎𝑟(𝒀𝑼 )

.

√(𝑉𝐴𝑅(𝐜𝒀𝟎 𝑬𝒋 ))𝑉𝑎𝑟(𝒀𝑼 )

Using (4), the second criterion is proven as (5) will decrease with increasing error variance.
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