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Abbreviation and Definitions

Abbreviation and Definitions

AUC

BCAA
BL

Biomarker

ESRD
GC-MS
HILIC
HD
HDF
HMDB

HPLC-HRMS

IPAH

OL-HDF

Metabolic feature

Metabolomics

MS-MS

Mz/Mzmed

PCA

Area Under the Curve of a peak; representing the intensities of
metabolic features and metabolites

Branched chain amino acids
Solvent blank-sample for HPLC-HRMS quality control

NIH Definition 2001: ,a characteristic that is objectively measured
and evaluated as an indicator of normal biological processes,
pathogenic processes or pharmacological responses to a
therapeutic intervention (1)

End Stage Renal Disease

Gas chromatography—mass spectrometry
Hydrophilic Interaction Liquid Chromatography
Hemodialysis

Hemodiafiltration

The Human Metabolome Database (2)

High Performance Liquid Chromatography-High Resolution Mass
Spectrometry

Idiopathic Pulmonary Hypertension

On-Line-Hemodiafiltration (HDF: Hemodiafiltration) used as
synonymes

Metabolite or substance measured by defined by specific retention
time and mass

Metabolomics deals with low molecular weight metabolites (<1500
Dalton) that are ubiquitously present within organisms, cells or
tissues.

Tandem mass spectrometry
Mass, median Mz-mass for a metabolic feature

Principal Component Analysis Statistical (visualisation) tool for
multivariate data analysis



Abbreviation and Definitions

PRE-POST effects Effect_s seen before and after intervention (bariatric surgery,
dialysis)

NIH 2016: “Precision medicine is an emerging approach for
disease treatment and prevention that takes into account

Precision medicine individual variability in genes, environment, and lifestyle for each

person” (3)

Quality Control samples: pooled samples for HPLC-HRMS quality
QC

control
Quantile Method for drift correction on QCs for time-dependent
Regression measurement variation
R Freely available matrix-based statistical software
RCT Randomized Controlled Trial
Rt/RtMed Retention time/Median retention time for a metabolic feature
T2DM Type 2 diabetes mellitus
UHPLC-MS Ultra-High Pressure Liquid Chromatography-Mass Spectrometry
XCMS R-based software for peak-detection and -alignment
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Zusammenfassung

Zusammenfassung

Ziel der Dissertation war es, einen statistischen data-driven Workflow fir untargeted
Metabolomics Studien zu entwickeln und anzuwenden. Die vorliegende Arbeit
befasst sich weiters mit Metabolomics im Allgemeinen und hier speziell mit der
Problematik. Der Fokus liegt auf der Methodik. Die groRe Menge an Daten ist ein
Merkmal fur Metabolomics Studien und muss mittels statistischer Methoden
bearbeitet und gefiltert werden: Ziel ist das Trennen wichtiger Information von
unwichtiger Information bzw. Rauschen. Die Definition von ,wichtiger® Information
ergibt sich aus der medizinischen oder biologischen Fragestellung. Der Workflow
besteht aus insgesamt 15 Schritten, die sowohl Daten-Bearbeitungsschritte wie
Filtern und Driftkorrektur als auch die statistische Analyse der End-Daten beinhalten.
Der Workflow wurde anhand von praklinischen und klinischen Metabolomics Studien
fortwahrend weiterentwickelt und optimiert. Ein Auszug der wichtigsten und grof3ten
Studien wird hier als reprasentative Anwendungsbeispiele beschrieben. Die

wichtigsten Ergebnisse der Dissertation sind:

- Implementierung des Workflows fir klinische und praklinische untargeted LC-MS
Metabolomics Studien, mit spezifischen Anpassungen ja nach wissenschaftlicher
Fragestellung

- Erfolgreiche Anwendung der Driftkorrektur via Quantils-Regression an einem grof3en
GC-MS Data-Set (> 1000 samples)

- Branched chain amino acids und armonatic amino acids gelten als Indikatoren fiir
kardiovaskuldres Risiko, diese wurden als signifikante Metabolomics Marker bei
Bariatric Surgery Patienten identifiziert.

- Bewusstsein, dass Reflexion und Diskussion in einem interdisziplindgren Team
ausschlaggebend flr interpretierbare Metabolomics-Ergebnisse sind. Eine
fortwdhrende Diskussion von Studiendesign, Uber Data-Processing bis hin zum
statistischen Modellieren ist erforderlich.

- Jede Studie erfordert eine angepasste Muster-Erkennung. Obgleich die Methoden im
Workflow standardisiert sein sollen, kann der gesamte Prozess nicht automatisiert
werden.

- Fall-Kontroll-Studien eignen sich besser fir untargeted Metabolomics Anwendung da
hier die Variabilitat besser kontrolliert werden kann als bei RCT.

12



Abstract

Abstract

The aim of the thesis was to develop and apply a statistical data driven workflow for
untargeted metabolomics studies. The present work further deals with metabolomics

and challenges of metabolomics studies, with strong focus on methodology.

One challenge is the big amount of data deriving from the metabolomics studies; the
statistical data driven workflow enables to handle this big amount of data by
distinguishing between important and non-important information, depending on the
particular scientific question (medical, biological). It consists of 15 steps in total
including filtering-steps, drift correction via quantile regression and consecutively

statistical analysis of the processed data.

The workflow' has been developed and constantly optimized with data from pre-
clinical and clinical untargeted metabolomics studies. The largest and most important
studies were used as representative examples and are described in the following.

The main outcomes of the thesis are:

- Implementation of the statistical data driven workflow works for pre-clinical and
clinical untargeted LC-MS Metabolomics studies, with several adaptions depending
on the scientific question

- Successful application of the drift correction via quantile regression on a very large
data set (<1000 samples) from GC-MS-Data

- The metabolomics identification of branched chain amino acids and aromatic amino
acids which are indicators for cardiovascular disease and these could be identified to
be significant in patients undergoing bariatric surgery.

- Awareness that reflections and discussion in an interdisciplinary team are crucial to
get interpretable results. Ongoing discussion is required from the study-design
throughout the data processing and statistical modelling

- Each study demands its proper pattern analysis. Although the tools of the workflow
should be standardized, the whole proceeding cannot be automated

- Case-control-studies are better suited for untargeted metabolomics applications than

RCTs as the variability can better be controlled

" For better reading ,,workflow* consecutively means ,,statistical data-driven workflow*

13



Introduction: Metabolomics

1. Introduction

1.1. Metabolomics

Metabolomics deals with low molecular weight metabolites (<1500 Dalton) that are
ubiquitously present within organisms, cells or tissues. Metabolomics is performed by
using three techniques, namely NMR (Nuclear Magnetic Resonance Spectroscopy),
LC-MS (Liquid Chromatography Mass Spectrometry) and GC-MS (Gas

Chromatography Mass Spectrometry). In this thesis we will focus on MS techniques.

Metabolomics is applied in different fields of science (plants, food, biology,
medicine...) - this thesis concentrates on the field of medical science, whereas the
ambitious global aim of metabolomics in medical science has been formulated from
Wishart in 2007:

“The aim is to be able to take urine, blood or some other body fluid, scan it in a
machine and find a profile of tens or hundreds of chemicals that can predict
whether an individual is on the road to a disease, say, or likely to experience

side-effects from a particular drug”(4).

Not surprisingly, mechanisms and humans are more complicated than that, but the

citation reflects the overall-wish dedicated to metabolomics.

We distinguish between targeted and untargeted metabolomics. In clinical research
targeted metabolomics is hypothesis driven (5), we are looking for levels of specific
metabolites (6) to answer specific questions. Untargeted metabolomics serves to
generate hypothesis and describes the global profile of a metabolome (6).
Untargeted metabolomics is located in the setting of an exploratory search of putative
biomarkers. In short, targeted metabolomics include studies to explore biological
mechanistic processes and untargeted metabolomics include studies that search and

assess biomarkers (7).

14
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Introduction: Metabolomics

Putative biomarkers are defined as a marker or a set of identified metabolites that
distinguish one group from the other. The way from a putative biomarker or potential
biomarker candidate to biomarker tests in clinical routine is very long and not
precisely defined, as the NIH-definition of 2001 points out: ,a characteristic that is
objectively measured and evaluated as an indicator of normal biological processes,

pathogenic processes or pharmacological responses to a therapeutic intervention(1).

Putative biomarkers can be categorized into diagnostic, prognostic and predictive
biomarkers, they can be used in analytical validation, qualification and their utilization
has to be discussed separately (8). Biomarker research has been increasingly funded
during the last years but the terminology and validation is still incomplete and the
discussion is ongoing (9,10). The selection, assessment or reporting of candidate
biomarkers is not standardized (7). A clinical relevance based on the three crucial

questions:
“1. Can the clinician measure them?
2. Do they add new information?
3. Do they help the clinician to manage patients? “

are still far away to be properly answered in the metabolomics field as recently

mentioned by Mamas M, Dunn WB, Neyses L and Goodacre R. (11).

The biomarker-discussion can be seen from different perspectives; the overall-
medical perspective for clinical improvement (1,9,10), the overall metabolomics-
perspective (7,12-14), metabolomics disease-relevant perspective (15-20), the data-
driven perspective (7,21,22), the economical perspective and many others.
Biomarker discussion is not the focus of this thesis per se, but it plays a large role in
communication and commercialization of metabolomics. The complexity and the vast
meaning in terminology of biomarker should be kept in mind: biomarkers are hard to
find, even harder to validate and no metabolomics biomarker has found its way to a

clinical application in routine up to now.

To summarize the key message: that is why we talk here about distinctive metabolic
features, putative markers or selective metabolic features and not about biomarkers

per se.
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Introduction: Metabolomics

This thesis deals with the implementation of a workflow for statistical data processing
for untargeted metabolomics to select important information out of the huge amount
of metabolic features. In the following the term “metabolomics” refers to “untargeted
metabolomics”. The thesis also deals with the appropriate study design for
metabolomics studies and reflections about the use of metabolomics in a broader

scientific view.

One challenge of untargeted metabolomics is that around 10000 peaks are
measured by LC-MS in one study, but very few of them refer to known metabolites. A
representative peak is called “metabolic feature” and is defined by a specific
retention time (Rt) and a specific mass (Mz). Rt refers to the chemical properties of a
metabolite (the earlier the more lipophilic, the later the more hydrophilic) and Mz is a

parameter for the size of a metabolite.

16



Introduction: The statistical data-driven Workflow for untargeted Metabolomics Studies

1.2. The statistical data-driven Workflow for untargeted

Metabolomics Studies

A typical research question for untargeted metabolomics is to find differences in the
metabolic profile between healthy subjects and controls, or between “before” and
“after” samples of a clinical intervention. The aim is to find discriminatory features
within two groups and thousands of metabolic features and to find patterns that

separate one group from the other.

In untargeted metabolomics relevant information has to be distinguished from non-
information. Therefore statistics are needed. Due to the huge amount of data,
statistical analysis of metabolomics data is not directly comparable with the statistics
used for conventional clinical studies. The number of variables is many times higher
than the number of observations. This situation is called p<<N and described as

High-Dimensional Problems (23).

To extract the relevant information and to get interpretable and reasonable results,
advanced univariate and multivariate statistical methods are applied. The application
of these methods bears risks of over-interpretation and incorrect handling: False
discovery of discriminatory features and potential “biomarkers” is a known problem in

the scientific community (24,25).

Many metabolomics tools to process data exist, due to the lack of harmonization of
analytical methods and automatisation of spectral data processing (26). An overview

of the state-of-the-art tools is listed in Misra and van der Hooft 2016 (see Table 16).

17



Introduction: The statistical data-driven Workflow for untargeted Metabolomics Studies

However, a reproducible and consistent way of data processing for application in

several different metabolomics studies is still missing (25,27-29). Therefore, we

propose a standardized workflow for metabolomics data processing and an ensuing

statistical analysis, tylored to the JR-metabolomics platform, which is sketched in the

following figure (Figure 1). Beside three other freely available tools namely MetAlgn,

MZmine and SpectConnect, XCMS was used as a standard data preprocessing tool

(26).
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Introduction: The statistical data-driven Workflow for untargeted Metabolomics Studies

Metabolomics deals with low molecular weight metabolites (<1500 Dalton) that are
ubiquitously presented within organisms, cells or tissue. It produces an enormous
quantity of data, which needs to undergo several pre-processing steps, like quality
control steps, peak detection, peak grouping, etc., before being further processed.

This further data processing comprises data filtering and drift correction.

For drift correction, non-parametric Quantile Regression models were built and batch-
to-batch variation was evaluated by using Random Forests Models. The processed

data were the basis for further statistical analysis.

The resulting worflow includes validation steps to detect relevant and discriminatory
features. The workflow has been optimized on various data sets of metabolomics

studies. Our main examples of use are the following four clinical studies:

1. Cardionor — a clinical study investigating treatment responses from T2DM patients
associated with cardiovascular risk over 2 years with the carotis intimia media
thickness (CIMT) as primary response. Samples from 81 patients were collected to

perform metabolomics.

2. Bariatric Surgery — a clinical study where responses of patients undergoing
bariatric surgery over 1 year were investigated. Serum samples were collected from
44 obese patients at three visits to do metabolomics. The outcome of the clinical
study “Bariatric surgery” has been published PLOS ONE? and takes an important part

of this thesis

3. Metaprol — a clinical study where two dialysis modalities were compared in a
cross-over design. Serum samples form 19 patients were collected at 4 different
visits to do metabolomics. The manuscript for publication is in preparation for “Kidney

International”.

4. Nutritech — an EU-wide project, its aim is to quantify the effect of diet on
“‘phenotypic flexibility”. The study comprises 72 volunteers with several blood
samples over 4 days. Drift correction was performed on metabolomics data from GC-

MS of one day.

Additionally the workflow has been applied to preclinical studies, which are described

briefly in the discussion-part.

* Accepted in August 2016
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Introduction: Realistic Expectations & Study Design

1.3. Realistic Expectations & Study Design

Knowing the challenges of metabolomics, realistic expectations and communication
are essential. Sample size is a critical point in metabolomics studies because the
number of variables is always a multiple amount of the number of samples. Another
critical part of untargeted metabolomics studies is the description of distinctive groups

within the study design.

Due to the preexisting high variability in the data thorough characterization of the
clinical phenotype is essential to get valuable information from the metabolomics
measurements. Potential bias can occur through various sources, such as sample
collection and preparation, HPLC-HRMS. Analysis which, in some cases, can be
corrected for, whereas in other cases, need to be included and described as

restriction in the data interpretation.

A checklist will be described to place the data driven workflow as its best and to set

the expectations to an appropriate and satisfying level.

20



Material and Methods: Analytical Methods

2. Material and Methods

In the materials and methods section, materials, techniques and tools that are used
for the composition of the statistical data driven workflow are described. The

functionality and application of the workflow is presented in the results-section.

This chapter describes first sample preparation and UHPLC-MS Analysis for
untargeted metabolomics, second the statistical methods used for data processing
and data analysis and third the proof of concept studies used for the application of

the data driven workflow.

2.1. Analytical Methods

The analytical methods are the most costly and a major part of metabolomics. But as
they are not the main focus of my thesis, important cornerstones for the overall-
understanding will briefly be sketched in the following. Sample preparation and

HPLC-HRMS analysis were the same for all blood-samples.
Sample Preparation & HPLC-HRMS Analysis®

Serum samples were processed as described by Yuan et al (37). Briefly, 200 pl of
serum were transferred to 1.5 ml tubes and centrifuged at 4°C for 10 min at 13,000 g.
800 pl methanol (cooled to -80°C) were added and mixed with the samples. Samples
were incubated overnight at -80°C then centrifuged at 13,000 for 10 min and the
supernatant was transferred to 1.5 ml tubes. Samples were evaporated to dryness by
using nitrogen and reconstituted in 200 pl 30% methanol. Peak splitting was avoided

by using small injection volumes for LC-HRMS analysis.

LC-HRMS analyses were performed with an Ultimate 3000 UHPLC system (Thermo
Fisher Scientific, San Jose, CA, USA) coupled to a high resolution mass
spectrometer Q-Exactive (Thermo Fisher Scientific, Bremen, Germany). The
chromatographic separation was done by HILIC (hydrophilic interaction liquid
chromatography) on a Luna NH2 column (2x150 mm; 3 ym; Phenomenex, Torrance,

USA) following the procedure published by Bajad et al (38).

? Published in PLOS ONE (accepted in August 2016)
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Material and Methods: Analytical Methods

HILIC retains hydrophilic compounds and is ideal for polar low molecular weight
compounds in contrast to the more commonly used reversed phase chromatography
(37).

Separation was performed using eluent A: 20 mM ammonium acetate + 20 mM
ammonium hydroxide in 95:5 water: acetonitrile, pH 9.45; Eluent B: acetonitrile. The
gradient was as follows: t = 0 min, 85% B; t = 15 min 0% B; t = 20 min 0%B; t = 22
min 85% B; t = 37 min 85%B. Flow rate was set to 150ul/min. Full scan spectra were
recorded in positive and in negative electrospray from m/z 70 — 1050 with a
resolution of 140,000 (at m/z 200).

Quality Control: 10 ul of each sample were mixed together to generate a pooled
quality control sample (QCs). QCs and solvent blank samples (BLs) were injected
sequentially in-between the human serum samples. BLs, each followed by a QC,

were measured after every third serum sample.

Identification and annotation of metabolites: Metabolites were identified according
to Sumner et al. (39) (1) Compounds were identified by accurate mass and retention
time in comparison to reference standards. (2) Putatively annotated compounds were
annotated by accurate mass comparison using freely available metabolite databases
(HMDB, KEGG, Metlin) (40,2,41-44).

Annotation of metabolic features

Metabolic features were annotated via mz-mass in databases such as "The Human
Metabolome Database’ (HMDB)* and the Joanneum Research database, which is in
a permanent growing process. Annotation is the lowest level of identification of the
features (27,48). A discussion about the level of identification is currently ongoing

and a new guideline hasn’t been published yet. 2014°.

* http://www.hmdb.ca/
> http://interest-groups.metabolomicssociety.org/viewforum.php?id=13
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Identification of discriminatory metabolic Features via MS-MS

The statistical workflow delivered features that discriminate between the time-points,
groups or interventions. Annotation is the lowest level of identification of the features
(27). For biological interpretations a higher level of identification is needed.
Therefore, the discriminatory features were verified in MS-MS analysed human
serum samples. MSMS-analysis delivered full scan of masses. As the feature
identification is still a manual process more than 150 Mass-ldentifications are not
feasible in a reasonable amount of time and manpower. Therefore, the here

presented approach is based on the following argumentation:

- Up to150 masses are reasonable to be identified via MS-MS
- Selection of metabolic profiles that are of special interest from a medical point

of view

Most of the features were usually found in the MS-MS Spectrum. Over one third of
the identified features were lipids, such as phosphatidylcholine (PC),
phosphatidylinositol (Pl) and triglycerides (TG). Also amino-acids, peptides and

carnitines are among the identified features.
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2.2. Statistical Methods for the data-driven Workflow

The steps in the data processing workflow need to be coordinated with the
requirements of the measurement system to identify and compensate for bias from

various sources such as sample collection and preparation, HPLC-HRMS Analysis.

The data-driven workflow includes filtering-steps and one drift correction step and
statistical analysis. The filtering steps cope with artefacts, system impurities, bad
signal-to-noise ratios and instable features and the drift correction is based on the
Quantile Regression Models, established by selecting appropriate parameters. These
parameters were found by following a selection procedure, based on the Quantile

Regression Theory.

The whole data-driven workflow was programmed in the freely available statistics
software R (R version 3.0.1). The measurement settings and the structure of the pre-
processed data, as well as the subsequent steps of the data processing workflow will
be described in the following. Filtering and drift correction steps were performed by
means of the QCs and BLs and the order of the serum samples was randomized to

avoid time-dependent bias. (Figure 2)

i '"niEn

BLQCH H HBLQCH H HBLQCH H HBLQCH H H BLAQC

Figure 2: Sample sequence (BL: Blank samples, QC: quality control = pooled samples, H:
human serum samples)

Measurement criteria is the CV (coefficient of variation) measured with the same
sample (pooled QC) over the whole measurement period. The critical value of a
variation of the QCs is CV > 0.3 (49).

Pre-processed data, which have already undergone peak detection, -matching, —
alignment by using the R-package XCMS (50,51) and parameter-optimization IPO
(52), are obtained in matrix form with certain intensities (representing the area under
the curve = AUC) for each feature at a specific mass and a specific retention time.
The matrix contains information on the metabolic features (columns) and on the
samples (rows) (example is shown in Table 1). This matrix is the working-basis for all

further data-processing steps.
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Table 1: Segment of a feature-sample- matrix, number in the cells are AUC of the MS peak

Sample MF1 MF2 MF3 MF4 MF5 ...1000 MF
BL 6476309 17000303 743447389 15040872 1251612
QcC 9815286 12034871 1657779884 10148120 1799753

Human Sample 6730046 12407047 790080306 9918036 275537
Human Sample 6015698 9002199 665440607 7425585 694401
Human Sample 7460523 14097114 914826248 12105009 287492

...Xxxx Samples

2.2.1.Filtering Steps

QC zero: Zero-intensities stem from artefacts and were therefore excluded. Because
pooled samples are mixtures of all biological samples, they must show all possible
feature signals. A signal, which does not appear in the QC-spectrum but in the

spectrum of the biological sample is consequently considered as an artefact.

System-Peak-Filter: The measurement system produces so-called system peaks that
derive from artefacts or system impurities. To detect these system peaks, BLs were
induced after every fourth sample (Figure 2). Features were defined as system
peaks, when BLs and QCs were significantly correlated (corr.test: p.value < 0.05)

and the level difference was not significantly high (paired t-test: p.value >0.05).

Blank-Filter: BLs were used to identify system peaks and they served as a threshold
for the signal-to-noise ratio. A feature was excluded as noise when it contained a
Blank-signal higher than 10% of the class-mean signal in more than two sample-

classes (e.g. patients and QCs).

Final Filter step: CV>30%: The final filter step was applied after the drift correction to
exclude instable measured features. Those features with a high variation of QC-
intensities (a coefficient of variation >0.3) were excluded. The coefficient of variation
is based on the assumption of a parametric distribution, and therefore a non-
parametric criterion (median/Inter Quartiles Range) was calculated additionally.
Application of the filter steps is presented in chapter 3.1 Modules programmed in R
(Toolbox).
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2.2.2.Drift Correction

Drift correction by Quantile Regression

The LC-MS measurements were performed with a very sensitive HILIC-FTMS
device, which produces intensity fluctuations over time. These so called drifts need to
be corrected, which can be done by using QCs (53-56). Different drift correction
methods, exploiting the presence of QCs have been used (54,57,58). The choice of
method depends on the data structure, the size of the study, the number of QC-
samples and technical specificities of the measured features. Based on the QC-
intensity-fluctuations (Figure 3) we built a regression model that works with the
assumption that the intensity of a QC depends on its sample number. Several
regression models were tested to fit the variation of the QC intensities. The various
Quantile Regression models provide much better fits to the QCs than the linear

regression model (Figure 3, left plot).
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Figure 3: Drift correction using a Quantile Regression approach. Left: Model fits for the QCs.
Right: Final correction using df = 5 and tau = 0.9

As the variability of features was high, smoothing by a locally adaptive regression
technique was required. Quantile Regression is highly suited for data modeling with

heterogeneous conditional distributions.
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Theoretical Aspects: Quantile Regression

The Quantile Regression models the quantiles of the data distribution separately, in
case, that dependencies are not the same in different quantiles. We used a
nonparametric Quantile Regression to fit conditional quantile functions. The
procedure fits a piecewise cubic polynomial with the number of one third of available

data-points knots (breakpoints) arranged at the quantiles of the QCs-signals (59).

The R-function ‘quant.reg” °(60) was applied in two steps to perform a drift correction.
A model was built to configure the variation in time, following the QC-intensities in the
sample order. The 90 % quantile of the QCs(y’s) was estimated via nonparametric
Quantile Regression, using regression splines depending on the sample number
(x’s). This procedure fits a piecewise cubic polynomial with 5 knots (df) (breakpoints
in the third derivative) arranged at the 90 % quantile of the x’s: rq (y ~ bs ( x, df = 5),
tau = 0.9). Through a multiplicative correction factor based on the median of the
original QC-values, a further Quantile Regression model was estimated to attune all

samples (Figure 1).
Two main criteria for the choice of a suitable regression method exist:

- The regression method must be adaptable for different numbers of QCs
(minimum 10, dependent on the study-design)

- The regression method must be suitable for different kinds of drifts (linear,
non-linear, jumping). The variations of the QCs differ, depending on the

features. Therefore each feature requires an appropriate model.

A representative set of features was selected for Quantile Regression parameters to
observe and choose suitable values for the parameters tau and df (tau means the
quantile to model and df the number of knots, meaning inflexion points) for the final

application of Quantile Regression in the data processing workflow.

% Roger Koenker (2013). quantreg: Quantile Regression. R package version 5.05.
http://CRAN.R-project.org/package=quantreg
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2.2.3.Multivariate Analysis (RF & PCA)

For the multivariate perspective, mostly Random Forests Models (RF) were applied,
in various ways: unsupervised RFs to investigate potential clusters, supervised RFs
to select most important features. Random Forests Models are already successful
used in processing of metabolomics data (61-65). In general, RFs have a wide range
of applications: they are used as regression and classification methods. Here, RFs
were used for the analysis of metabolomics data as unsupervised and supervised
classification methods and for feature selection. We combined their supervised and
unsupervised classification abilities’- to show clusters and to detect discriminatory

features.

Random Forests, used in the R-package randomForest (66), were based on the work
of Adele Cutler and Leo Breiman (67,68). The method relies on decision trees, which
are independently randomly distributed. These decision trees function as predictors.
Each tree counts equally for the classification and at the end the votes are counted
for one class in the whole forest. The trees are created by a bootstrap sample of size
N as a training data set with replacement, from the original data, though. According to
the number of independent variables (M), a number m << M is specified such that at
each node m variables were selected at random. The variable that discriminated the
best was selected to split the node. The number m was held constant during the

‘Growing Process’.

The better classified each tree is, the lower is the error rate (ER) of the model. The
greater the correlation between the trees, the lower is the ER of the model. The
representation of the number of trees led to the number of trees needed to be

created to minimize the errors in the model.

A special feature of Random Forests is the internal model validation using ‘out of bag’
(OOB) samples: Each tree is created using different bootstrap samples from the

original data.

7 A "supervised" method refers to a model that has already handled the class membership as information.
"Unsupervised" models have no class information hereby classes and clusters are only visible, when clearly
presented in the data. Therefore, as a first step an "unsupervised" model is built and, if trends are apparent, as the
second step creates a supervised model to assess the strength classification, prognosis strength or variable-
importance to which make up classes.
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One-third of all samples is omitted from the sample and is not used to create the tree
but only for validation of the classifications. Therefore, an intern cross-validation is

executed. Hastie & Tibshirani stated S.593 (23):

‘For each observation z; = (x;, y;), construct its random forest predictor by averaging
only those trees corresponding to boot-strap samples in which z; did not appear. An

oob error estimate is almost identical to that obtained by N-fold cross-validation”.

The influence of variables on the model is indicated by Gini Importance and Mean-
Decrease-Accuracy, calculated on the number of correct votes per variable and per
node. The higher this value, the greater is the influence of the feature to the

classification. This can also be represented graphically via a Variable-Importance-

Plot (Figure 4).
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Figure 4: Variable- Importance-Plot shows the 30 most important features.
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The presentation of the models with respect to potential sample clustering is done by
means of MDS plots (Multi-dimensional Scaling Plot of Proximity matrix from Random
Forests object). It represents the scaling coordinates of the proximity matrix of the

Random Forests object (Figure 5):
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Figure 5: MDS plots of a supervised Random Forest object.

Random Forests Models have advantages over other classification models such as
poor chance of overfitting and proper model prediction (62,64,69,70). As the method
covers different steps of the statistical analysis process (supervised, unsupervised
modelling and variable selection) the resulting outcomes can be directly combined to

form a comprehensive statement.

Random Forests Models have already been applied in metabolomics for several
years (62—64). They have been used as regression as well as classification methods.
In this thesis, we utilized Random Forests Models as an unsupervised classification
method to detect potential clusters by applying the R-package ‘randomForest” (66—
68).

30



Material and Methods: Statistical Methods for the data-driven Workflow

2.2.4.Univariate Testing

Applying univariate and multivariate technique yield different results, as has been
reported recently (71). In this study a data-driven approach allows to show different
perspectives on the data to get most valuable results. Statistical testing was done for

features selection and not for hypothesis-testing in its classical sense of meaning.

To test features on its individual level student t-test followed by p-adjustment for
multiple testing via false discovery rate® (Benjamini & Hochberg 1995) were applied.
Frequency analysis of up- and downregulated metabolic features were done and
tested via chi2.Ratios between times were built to get a quantitative order. Boxplots
and line-plots are the most widely used graphs to represent differences. Metabolic
features with a tendency are named tendency features; meaning that p-values were

< 0.05 in univariate testing but > 0.05 after p-value adjustment.

2.2.5.Evaluation of the data processing workflow

The quality of the data processing workflow was evaluated concerning batch-to-batch
variations and time dependent drifts with two different methodological approaches.
The first approach was a multivariate approach and consisted of unsupervised
Random Forests Models used to detect potential clusters in the data. The second
approach was an univariate one, based on the CV of QCs of representative
metabolic features on the one hand and an overall CV of QCs over all metabolic

features. The process with best amelioration was taken to be the optimal one.

8 “The "BH" (aka "fdr") and "BY" method of Benjamini, Hochberg, and Yekutieli control the false discovery
rate, the expected proportion of false discoveries amongst the rejected hypotheses. The false discovery rate is a
less stringent condition than the family-wise error rate, so these methods are more powerful than the others.” R
Core Team (2013)
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2.3. Studies: Design, Data-sets & Background

This chapter characterizes the data-set and frame conditions of each study.

2.3.1. Cardionor

Cardionor was a clinical prospective, open, 2-years study, investigating treatment
responses from T2DM patients associated with cardiovascular risk over 2 years.
Samples from 81 patients were collected to perform metabolomics. The clinical study
was published few times later (72) and presented clinical parameters with the change
in carotis intimia media thickness (CIMT) after 2 years as primary outcome. For the
clinical study 97 patients with type 2 diabetes and at least two insufficiently treated
cardiovascular risk factors, i.e. HbA1c > 7.5% (58 mmol/mol); LDL-cholesterol >3.1

mmol/l or blood pressure >140/90 mmHg were included.
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Figure 6 Distribution of relative IMT-Progression, colors are representing the tertile apporach

The patients were split with a ,, tertile-approach®, a statistical quantitative method to
build three groups with similar size, based on the relative IMT-progression after two
years of therapy. The three groups were built without clinical differentiation. For
statistical metabolomics analysis the intermedian group had been left out-to suggest

clear separation between responders and non-responders.
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In “doing metabolomics” we wish to differentiate metabolite profiles between one
group and the other and to characterize these metabolite profiles for further research.
All patients suffered all from diabetes. Diabetes type 2 (DMT2) is a large research
field in metabolomics (73—-78) - as it is in medicine as well. In this study appropriate
measurements and filter modes were selected and time-dependent drifts were
corrected. No separation between the responder-groups could be found. This study
was financed by BMVIT project Met4CAD.
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2.3.2. Bariatric Surgery®

Bariatric surgery is a clinical intervention study on patients who underwent bariatric
surgery. Bariatric surgery is an important intervention for severe obese patients. The
surgery is recommended as a very effective way of reducing weight (30). Not only the
weight reducing effect is far-ranging recognized but also a short-term effect of insulin-
sensitivity is discussed (31). The use of a metabolomics approach in this field of

research is not new and rather well established (32-36).

Our aim is to detect differences in the metabolic profile before and after the
intervention, if there are any, to describe them and associate metabolomics results
with diabetes relevant outcomes like insulin resistance. Through a data driven
approach, an unbiased way for exploratory investigations, hypotheses generating

results for further research are delivered.

Serum samples were collected from 44 obese patients who underwent gastric bypass
surgery: 29 females (BMI: 44.2 +4.9, Age: 441+11) and 15 males (BMI: 45.2 7.1,
Age: 48 +15). Samples were collected at two study centers: Medical University of
Graz (AUT) and Interdisciplinary Obesity Center in St. Gallen (CH) (Clinicaltrials.gov:
NCT01271062). Serum samples were taken at three different time points: two to four
weeks before the surgery (PRE), one to three weeks after the surgery (POST) and
one year follow up after surgery (FU). Sample preparation was done according to
standardized procedures. The study was approved by the respective local ethics
committees and conducted in accordance with the principles of the Declaration of
Helsinki, GCP-ICH and the requirements of the appropriate regulatory authorities.
This study was financed by EAFSD, BMVIT.

? Published in PLOS ONE, accepted in August 2016
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2.3.3. Metaprol

METAPROL is a pilot, cross-over study to generate a hypothesis why studies have
shown an improved clinical outcome in end stage renal disease (ESRD) patients
treated with post-dilution On-Line-Haemodiafiltration (OL-HDF).

The primary objective was to evaluate the influence of post-dilution OL-HDF versus
haemodialysis (HD) on the metabolomic and proteomic profiles in patients with ESRD
after a period of 4 weeks (short-term effect). The secondary objectives were to
investigate metabolomic and proteomic profiles in pre- and postdialysis (PRE-POST
effect) plasma samples and to investigate the plasma metabolomic and proteomic
profile after 12 weeks (follow-up) as well as to investigate the effect of post-dilution

OL-HDF versus HD on the specific chemistry parameters.

23 patients were included in the study; complete data from 18 patients were available
and used for metabolomics analysis, split into two randomization groups; R1
resieving first 4 weeks of HD and 12 weeks of OL-HDF, R2 the other way round
(Figure 7). The study was coordinated by Prof. Dr. Alexander Rosenkranz and

supported by Fresenius Medical Care.
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Figure 7: Study Design of metaprol study (HDF=OL-HDF)
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2.3.4. Nutritech

“Nutritech” is an EU project10 that aims to quantify the effect of diet on “phenotypic
flexibility”. This includes “all underlying mechanisms and physiological processes of
adaptation when homeostasis is challenged. Methods will in the first instance be
evaluated within a human intervention study, and the resulting optimal methods will

be validated in a number of existing cohorts against established endpoints” (79).

The study comprises 72 volunteers including 38 women and 34 men with an average

age: 59.7 + 3.8 years and an average BMI of 29.6 £ 2.9.

All volunteers were asked to provide a fasting blood sampled (day 1) and went
through an oral glucose tolerance test (day 2) when 7 blood samples were collected
over 4 hours; a mixed meal tolerance test (day 3) when 7 blood samples were
collected over 8 hours and a mixed meal tolerance test + physical activity (day 4),

with the collection of 6 blood samples over the course of 6 hours.

OGTT consisted of 75 g of glucose; mixed meal consisted of 75 g glucose + 25 g
protein + 70 g of palm oil. The physical activity consisted of a 40% VO2max during
30 minutes starting just after the drinking of the mixed meal. These 3 tests were
performed before and after a lifestyle intervention for 13 weeks. During this 13 weeks
period 40 volunteers went through a 20% energy restriction, while the other 32 had
no energy restriction but were advised to eat more saturated fat in order to “mimic”
the European diet. In total, 3024 plasma samples were supposed to be collected.
The actual sample number is slightly smaller because some tests were not

completed.

The work presented at the Metabolomics Conference in Washington (Poster, Figure
36) was the impulse for a cooperation with Prof. Hannelore Daniel, Professor for
Nutrition Physiology, School of Life Sciences Weihenstephan, TUM - Technische
Universitat Minchen.

' Nutritech - a Framework 7 project of the EU commission
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3. Results

Result of the thesis is a data driven workflow for untargeted metabolomics. As it
consists of a tool box, its application and adaption is described based on examples
from clinical studies. The aim of the workflow can easily be modulated and applied on

diverse metabolomics studies, as it consists of a tool-box.

The data driven workflow has been developed for feature selection, these features
describe the difference in the metabolic profile between groups and/or time points.
This data driven workflow was applied and optimized in preclinical and clinical studies
(JR-Metabolomics-Projects from 2011-2016). Results from three selected clinical
studies are presented in the following section as a proof of concept. One part of the
data driven workflow (namely data processing) was also applied to GC-MS data of an

EU project (Nutritech) to exhibit the versatile range of application.

A schematic representation of the workflow is given in Figure 8: XCMS data comprise
more than 2000 metabolic features, these metabolic features contain still various
potential bias that is corrected via filtering steps and drift correction. This results in a
matrix of around 1000 “proper” metabolic features. This data-set is the basis for the
feature selection process. Depending on the group distinction, a set of metabolic
features that describe the differences in metabolite profiles is derived through random
forests and univariate testing. At large, round 10% of metabolites can be identified,

resulting eventually in putative markers.

The modules of the workflow will be repeated and redone; depending on the study
design, interdisciplinary communication and data availability. The data driven
approach is best applied in appropriate framing conditions. The whole metabolomics
workflow consists of analytical and technical parts and reflection parts concerning
study design literature research and data interpretation followed by additional data
analysis. The specific challenge is the combination and timing of both parts with the

persons involved.

Research question and study design determine analytical methods as well as data
processing and statistical analysis. Therefore an interdisciplinary communication right
from the project beginning is indispensable for meaningful results.
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Untargeted metabolomics approach
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Figure 8: Data driven metabolomics approach
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3.1. Statistical data-driven Workflow

The data-driven workflow is programmed in R and is presented as a toolbox, applied
in XV steps (Figure 9). Each step requires an active check and decisions for the
further process. In the following a short overview of the developing process of the

applied workflow is described.

The data import had to be prepared, because two sorts of files are imported: the

annotated file and the intensity file. For the annotated file all “ and ° (like
“‘“HMDB29185 5-(3',4"-Dihydroxyphenyl)-gamma-valerolactone” or
“HMDB37436 Kaempferol 3-(2",6"-di-(E)-p-coumarylglucoside)”) have to be

removed as R will not read a “.tsv” file in the correct way. Data check for plausibility
after data import was an important task; during data pre-processing errors can occur
like an implausible number of features or lack of samples, inappropriate class-order.
The sample names differ from file to file. Therefore scripts have to be checked for

such differences.

For clinical data, for example, possibly randomization number might differ from
subject-ld which refers to the intervention or treatment — which further is crucial for
statistical analysis. QCs and Blanks (BLs) must be in the same structure to perform
filtering and drift correction. If QCs were often stated as 0 — there might have been a
problem with the measurement itself - the QC was excluded which has

consequences for drift correction.

Drift correction performs best when the distance between the QCs are equal and do
not “jump”. The drift correction should fit most of the metabolic features and its
success was measured by the CV of the QCs — the number of improved metabolic
feature and the overall improvement served as indicator for the most suitable drift
correction. If a selection of metabolic features seemed very important, drift correction
should be adapted individually decided from case to case of specific metabolic
features for this selection. The selection could be based on a specific range of Mz
(mass) and/or Rt (retention time) or already identified metabolites. A scrolling through
the drift correction-pdfs gave a visual control of potential patterns that indicate
artefacts. The final data-set “dat” was checked for potential bias that is known from

patients’ characteristics.
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This occured by visual control of multivariate methods like PCA — the dots on the
multidimensional scaling plots are colored for study-centers, age and gender-groups
or sample sequence. If a bias was clearly visible, a feature-selection process was
needed to correct the bias (additional variable in modelling for interesting metabolic

features) or remove “bias-features” as performed by Luchinat et al. (80).

After again filtering the data of highly correlated metabolic features and bias-
features, the feature-selection process starts. This was done via multivariate
supervised random forests models, unsupervised random forests models, PCA and
univariate testing via t-test or ANOVA-models followed by p-value adjustment via
false-discovery-rate: Benjamini Hochberg procedure. The intersection of RF-hits
and univariate hits on different significance levels was saved in “hits-RF_univariate”

and exported in Pdfs of boxplots and Lineplots for each hit-feature.

PCAs and RFs were built based on these hits to compare all filtered feature and hit-
features. Annotation of significant features is based on several metabolite
databases like KEGG and HMDB. The final approval of the annotation and the
identification of metabolites had to be done by a chemist. Assuming an important
number of metabolic features and metabolites were selected to be important for the

scientific question; pattern analysis would start.

The pattern analysis evolves on the basis of questions like: How many metabolic
features behave in the same way, where are differences, are there any frequencies
significant. Ratios of changes were calculated and compared. Building subgroups

provided better understanding of the metabolic profiles.

The statistical modeling was completed when a group of interesting metabolic
feature is selected. Here, the integration of clinical data was meaningful to answer
more specific questions. The feature selection process including clinical
parameters might be redone, based on hypotheses that came up during the
discussion process. For publication data needed to be exported and formatted to fit
the publications requirements. The formation of data and the descriptions of methods
were further adapted to the requirements of the metabolomics platform
“‘Metabolights”, as this platform is state-of-the-art for data-publishing of

metabolomics studies.
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Statistical data-driven workflow for untargeted metabolomics:

Modules programmed in R (Toolbox)

Data Import: read the data from JR-interne database into R
Data Processing: bringing data in the following structure:
a. Data-file. Rows: samples, columns: features (hnumber + lonization Info)
b. Mass-file: containing information about retention time, Mzmass, variation and
ionization and possible annotations
c. Class: variable containing information about class-dependencies of each sample
Data-Check
a. number of samples
b. number samples per class
c. number of patients/ time-points
QC and Sample-Sequence
a. Pdf-file containing plots of each feature to get a first impression of a possible drift or
pattern (for example one zero-sample)
b. Excel-file containing number of zeros per sample and class
c. Calculation of QC- CV per feature
d. Check for patterns
Feature-filtering (see methods-section)

a. QC zero
b. System-Peak-Filter
c. Blank-Filter

Sample-filtering
a. Looking for QC-outliers (> 50% Zeros)
b. Deep sensitivity loss (jump)
Drift Correction via quantile regression (> 10 QCs)
a. Taus:0.3,0.5,0.8
b. Comparison between drift-correction quality on CV-distribution and number of
approved features based on CV
c. Pdf with scatter plots to compare drift-corrected and original data for each feature
d. Final Filter step: CV>30%
Bias check on filtered data
a. PCA coloured for classes, study-centres, sample-sequence, gender, others
depending on study design and research question
b. Histogram over tested normality per feature (>80% features with p-value )
c. Check for number of redundant features (corr>0.95)
Feature-selection (based on research question: discriminatory for specific group or time)
a. Multivariate unsupervised methods: PCA, RF
b. Multivariate supervised methods: RF
c. Univariate testing (ANOVA, t-test) followed by p-value adjustment via false discovery
rate (Benjamini Hochberg)
Analysis of annotated features and known metabolites
a. Annotated data file ready to merge with significant hits
Pattern analysis
a. Frequency Analysis
b. Selection of features following unidirectional trends over time
c. Ratios and mean-values (Box-plot pdf)
Statistical Modelling
a. Subgroup-analysis (MzMed-groups, RtMed groups)
b. Random mixed effect models
c. Integration of clinical parameters
d. Specific analysis of annotated and identified metabolites
e. Correlation and Boxplots
Explicitly search for known candidate markers
Statistical Modelling for medical, biological questions — rose up during discussion
Export essential data files for publication (for example Metabolights)

Figure 9 Statistical data-driven workflow: Modules programmed in R
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3.2. Study Results

In the second part of the results section the main outcomes of the chosen studies is

represented.

The following describes results from metabolomics studies in a chronological order.
The Cardionor study served as basis for analytical and statistical-methodical
development. Bariatric surgery has been published with a strong medical emphasis.
A lot of effort went into this study as more than one year of publishing was needed
and study protocol dated from 2009. Therefore results from this study will be
described in more detail. Metaprol was a cross-over intervention study to detect
changes in metabolite profiles depending on the dialysis modalities. For the statistical
analyis of Metaprol frequency analysis enlarged the toolbox of the statistical data
driven workflow. Nutritech serves as an example for successful drift correction on a

large data sets with few QCs.

3.2.1.Cardionor

For the Cardionor-study samples from 81 patients were used for metabolomics
analysis. The data set served to establish drift correction based on quantile

regression to minimize batch-dependencies and time-dependent drift:

The first application of the data processing workflow resulted in a feature reduction of
more than 50% (initially detected features: 12000). Time dependent variations over
the QC pool samples (>0.4 to <0.25 CV) were reduced (Figure 10). Batch
dependencies were also reduced as shown in unsupervised Random Forests before

and after the drift correction (Figure 11)
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MzMed=96.9204, RtMed=14.35
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Figure 10: Feature intensities shown as peak area versus sample run order.
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Figure 11: Unsupervised Random Forests Model calculated from the original data (left), and
from drift corrected data (right).

We used 500 trees as default parameter to construct the unsupervised Random
Forests models (Figure 11). The data-processing steps were programmed in a
modular structure, which allowed the look into different perspectives concerning
batches and overall study considerations. Depending on the study design, the

workflow is adaptable in a semi-automated way.

43



Results: Study Results Cardionor

The initial clinical hypothesis to find metabolic marker that distinguish responder from

non-responder could not been answered (Figure 12).
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Figure 12: PCA showing no clustering between responder and non-responder.
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3.2.2.Bariatric Surgery

All results as well discussion have been published in PLOS ONE.

Serum samples from 44 obese patients (25 patients from the center in Austria and 19
patients from the Swiss center) included in the study were analyzed (for

characteristics of patients see Table 2).

Table 2: Patients characteristics

PRE POST  FU PREPOST PREFU
Gender (male/ female) 15/29 - - - -
Age (years) 46.8 (11.3) - - - -
Weight (kg) 126.4 (19.5)  117.2(18) 86.3 (13.4) <0.001 <0.001
BMI (kg/m®) 43.9(5.4) 40.8 (5.2) 30 (4.4) <0.001 <0.001
HbA1lc (%) 6.5 (1.3) 6.1 (1) 5.6 (0.8) <0.001 <0.001
Sys 132.6 (15) 123.7 (14.1) 126.4 (17.1) <0.001 0.029
Dias 83.7 (10.9) 77.3 (9.1) 77.8 (11.1) <0.001 0.003
Chol 181.5(39.7) - 146 (27.9) - <0.001
HDL 50.2 (16.7) - 49.8 (14.5) - 0.806
LDL 47.7(53.2) - 36.8 (39.4) - <0.001
TG 159.2 (101.3) - 88.8 (32) - <0.001

Untargeted metabolic feature selection resulted in 177 relevant metabolic features
that represent short-term and long-term changes, out of which 32 metabolites were
successfully identified and putatively annotated. A simultaneous explicitly search
further identified 4 additional metabolites (BCAAs) affected by bariatric surgery.
Supervised RFs showed a clear separation between the samples taken before and

after surgery, with a class error of only 6% and 11%, respectively (Figure 14).
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Figure 14: MDS-Plots from supervised random forests, showing clustering between before and

after the surgery.

As a visual control, unsupervised RFs were built based on the selected 177 metabolic

features. Samples taken before the surgery (PRE) clustered closer together than

samples taken after the surgery (POST and FU) (Figure 15).
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Figure 15: MDS-Plot of unsupervised Random Forests using 177 selected metabolic features

from all three sampling points.
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8 identified metabolites were linked to CVR factors (81,82): TMAO, indoxyl sulphate
(increasing trend), choline, alanine, phenylalanine, tyrosine, valine, leucine/isoleucine

(decreasing trend) (Fig. 4, Table 1).

The interpretation of the identified metabolites was based on trend-patterns which
were assigned to one of four different pattern groups. 9 out of the 36 metabolites
showed unidirectional trends in intensities (either increasing or decreasing):
trimethylamine-N-oxide (TMAO) and indoxyl-sulfate, glycine and PC C40:7
(phosphatidylcholine) (increased after surgery), or branched chain amino acids
(BCAA) choline, tyrosine, alanine and phenylalanine (decreased after surgery) (Table
2).

Examples for “V-pattern” were shown be the following metabolites: creatine, ornithine,
tryptophan and LysoPC C16:1, LysoPC C18:2. “A-pattern” were shown in
hydroxyisobutyric acid and acetylglycine (Table 3). All significantly changed

metabolites are summarized in Table 2 and Table 3.
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Figure 16: Boxplots of peak-AUC metabolites related to CVR for three different sampling points.
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Table 3: Unidirectional trends of changes in the intensities (peak-AUC) of identified metabolites
before and after bariatric surgery. Metabolites in bold have previously have been associated

with CVR.
. -value** p- . Ratio Ratio
?;I‘f;f;’a‘zﬁﬁ*mo a0 MzMed RtMed PRE- value™* rl};t;:();:)*ST POST, PREFU
POST PRE-FU ’ FU
decreasing trend
Alanine (+) 90.0556 12.20 <0.001 0.019 0.8 1 0.85
Choline (+) 104.1076 10.06 <0.001 0.003 0.74 1 0.79
Leucine/Isoleucine® (+) 132.1022 9.45 0.003 <0.001 0.87 0.89 0.77
Lysine (-) 145.0968 13.02 0.036 <0.001 0.91 0.97 0.88
Oxovaleric acid (-) 115.0384 9.90 <0.001 <0.001 0.81 0.91 0.74
Pentoses (-) 149.0441 9.96 0.127 <0.001 0.93 0.84 0.78
Phenylalanine (+) 166.0865 9.74 0.003 <0.001 0.88 0.95 0.83
Tyrosine (+) 182.0815 11.62 <0.001 <0.001 0.79 0.92 0.73
Uridine (-) 243.0617 7.20 0.004 0.006 0.82 0.99 0.81
Valine® (-) 116.0700 10.19 <0.001 <0.001 0.82 0.92 0.75
increasing trend
Glutamine® (+) 147.0767 13.63 <0.001 0.003 1.17 1 1.13
Glycine® (+) 76.0400 14.2 <0.001  <0.001 1.89 1 1.85
Hydroxydecanoic acid (-) 187.1329 9.45 <0.001 <0.001 1.59 1.68 2.68
Indoxyl sulphate (-) 212.0013 9.13 0.067 <0.001 1.35 1.76 2.38
PC C40:7 (+) 832.5865 5.14 0.641 <0.001 1.04 1.34 14
Trimethylamine-/N-oxid (+) 76.0764 11.88 0.022 <0.001 1.99 1.3 2.59

*details about category of identification according to Sumner et al. (39) are provided in the appendix Table 18
** unadjusted p-values from paired t-test, ° metabolites identified with explicitly search ***ratio based on mean-values
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Table 4: Bidirectional trends of changes in the intensities (peak-AUC) of identified metabolites
before and after bariatric surgery. Metabolites in bold have previously been associated with

CVR.
Metabolite* p-value** p-value** Ratio *** Ratio Ratio
(Ionization-mode) MzMed — RtMed PRE-POST PRE-FU PRE,POST ggST’ PRE,FU
V-pattern
Creatine (+) 132.0771 12.19 <0.001 <0.001 0.66 1.09 0.72
LysoPC C16:1 (+) 494.3249 4.83 0.077 0.288 0.85 1.29 1.09
LysoPC C18:2 (+) 520.3407 5.13 <0.001 0.863 0.68 1.48 1.01
Ornithine (-) 131.0815 12.54 0.004 0.019 0.83 1.34 1.11
PC C34:3 (+) 756.5550 5.27 <0.001 0.370 0.66 1.44 0.95
PC C36:5 (+) 780.5550 5.01 <0.001 0.006 0.67 1.21 0.81
PC C36:6 (+) 778.5389 4.61 <0.001 0.809 0.48 2.06 0.98
Sarcosine (-) 88.0386 11.27 <0.001 <0.001 0.78 1.1 0.86
Tryptophan (+) 205.0973 9.83 <0.001 <0.001 0.74 1.1 0.81
Uracil (+) 113.0351 6.98 <0.001 <0.001 0.75 1.04 0.78
A-pattern

Acetylglycine (-) 116.0337 12.97 <0.001 <0.001 2.78 0.74 2.05
Arginine (+) 175.1193 12.15 0.620 0.233 0.97 1.08 1.05
Carnitine (+) 162.1127 10.88 0.004 0.515 1.19 0.86 1.03
Hydroxyisobutyric acid (-) 103.0387 12.10 <0.001 <0.001 33 0.21 0.71
Leu Pro (+) 229.1548 9.19 <0.001 0.180 1.64 0.55 0.9
LysoPE C20:4 (+) 502.2936 8.27 0.022 0.227 1.16 0.94 1.09
Pantothenic acid (-) 218.1025 12.69 0.001 0.270 1.52 0.75 1.14
PC C38:6 (+) 806.5705 5.21 <0.001 0.020 1.31 0.88 1.15
Pyroglutamic acid (-) 128.0337 12.89 0.002 0.038 1.18 0.93 1.1
Threonine (+) 120.0660 13.11 0.602 <0.001 1.04 0.75 0.79

*details about category of identification according to Sumner et al. (39) are provided in the appendix Table 18
** unadjusted p-values from paired t-test, ° metabolites identified with explicitly search ***ratio based on mean-values

Metabolites linked to clinical outcomes

The median weight reduction at follow-up (FU) after one year was 37.7 kg (iQR: 16.25
kg). For relating weight-loss with metabolomics data, patients were allocated to a high
weight loss (HWL) and low weight loss (LWL) group. The weight-loss ratio was
calculated as: weight one year post surgery/weight at baseline=FU/PRE with a
weight-loss median of 0.7. HWL was below the weight loss median and LWL was
above the weight-loss median. From the originally identified metabolites, creatinine,
ornithine, arginine and valine were significantly lower in the HWL group compared to
the LWL group (Figure 17).
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Figure 17: Metabolites with significant changes between high and low-weight loss patients.

Out of the 24 patients having T2DM at baseline, 9 patients were having a complete

diabetes remission after one year. Diabetes remission was defined as an HbA1c

below 48 mmol/mol (6.5%) without pharmacological treatment. Patients with a

complete diabetes remission were younger (42 +/- 8 years vs. 55+/-10 years), had

shorter diabetes duration (6+/- 7 years vs. 11+/- 7 years) but higher weights pre-

surgery (138 +/-19 kg vs 124 +/- 22 kg) compared to non-remission patients.

However, patients with diabetes remission also had a significantly larger weight

reduction in the first year after bariatric surgery

From the originally identified metabolites, sarcosine, pyroglutamic acid, alanine and

leucyl-proline showed a significantly larger decline in patients with complete diabetes

remission compared to patients without diabetes remission (Figure 18).
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Figure 18: Metabolites showing a significant decline (FU/PRE) in diabetes remission (R)
patients compared to non-remission (N-R).

51




Results: Study Results Metaprol

3.2.3.Metaprol

23 patients were included in the study that compares one dialysis method (HD) with
another (OL-HDF) with a cross-over design (see chapter 2 material and methods,
Figure 7). Complete data from 18 patients were available for statistical analysis.
Randomisation group 1 (R1) defines patients receiving first HD and at visit 3 OL-HDF
and randomization group 2 (R2) defines patients receiving first OL-HDF and at visit 3
HD. The analytical methods and data pre-processing followed the same routine as
described for the study “Bariatric Surgery” (chapter 2 material and methods). The
study design and research questions were further complex with pre-post effect, 4-
weeks short-term and 12-weeks long-term dialysis effects. For each comparison
metabolomics analysis was done. The major outcomes are sketched in the following

part.

PRE-POST dialysis shows pronounced effects, because the dialysis per se is a
strong intervention and, therefore, the metabolic profile changes between before and

after the dialysis in both treatments Figure 19.
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Figure 19: PCA for both treatments showing clear clustering between before and after dialysis.
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1699 metabolic features were detected that differ significantly before and after

dialysis in OL-HDF, compared to 1861 metabolic features in HD-treatment, 1408 in

both treatments. The different metabolic features did not only show depletion from

dialysis (Table 5) but also enrichment for annotated metabolic features (Table 6).

Uremic toxins have been searched for explicitly with a targeted approach - these are

highly relevant metabolites from a nephrologist point of view.

Table 5: Metabolites showing a significant decrease after dialysis (depletion) in both treatments

PRE > POST

Metabolite
D-Glyceric acid
Creatinine

Proline

L-Valine
L-Threonine
L-Lysine

L-Histidine
Allantoin

Uric acid

L-Arginine

Citrulline
Pantothenic acid
L-Cystathionine
Uridine
Deoxyguanosine
Inosine

Trehalose
Trimethylamine N-oxide
L-Alanine_Sarcosine
L-Threonine_L-Homoserine
Ornithine
L-Glutamine
L-Lysine

L-Carnitine

Uric acid

Citrulline

L-Tyrosine

Cytidine

Uridine

Mzmed

105.018208
112.050117

114.05459
116.070226
118.049543
145.096922
154.061005
157.035511
167.019884

173.10341
174.087443
218.103121
221.059761
243.062135
266.086196
267.072509
341.109302
76.0762881
90.0555207
120.065807
133.097361
147.076499
147.112863
162.112488
169.035664
176.103085
182.081247
244.092859
245.076626

Rtmed
12.90835
5.9854
10.425292
9.765358
11.219183
12.579692
11.759725
8.458366
15.086492
11.890783
11.472333
12.174983
13.790258
9.256409
9.085492
14.009084
10.6890335
11.846592
11.056392
12.832533
12.681675
15.955783
12.506017
11.702367
15.043325
11.741208
13.520233
8.980891
9.303875

HD
mean ratio
POST/PRE

0.45
0.37
0.70
0.72
0.74
0.74
0.74
0.25
0.25
0.73
0.41
0.51
0.19
0.37
0.24
0.11
0.19
0.19
0.69
0.29
0.69
0.86
0.83
0.33
0.21
0.48
0.45
0.24
0.33

OL-HDF

mean ratio

POST/PRE
0.47
0.37
0.72
0.72
0.82
0.80
0.80
0.24
0.26
0.79
0.41
0.66
0.07
0.37
0.15
0.11
0.24
0.19
0.71
0.27
0.76
0.90
0.87
0.34
0.20
0.47
0.44
0.25
0.32
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Table 6: Metabolites showing a significant increase after dialysis (enrichment) in both

treatments
POST > PRE

Metabolite Mzmed

PI C34:2
PI C38:3
PC C32:0
PE C36:2
PC C34:3
PC C34:1
PC C36:5
PC C36:4
PC C36:3
PC C36:2
PC C38:6
PC C38:5
PC C38:4
PC C40:5
PC C40:6

833.520716
887.557975
734.569764
744.554161
756.553775
760.575686
780.553703
782.569362
784.584936
786.600565
806.569228
808.584911

810.60065
836.616813
834.600738

Rtmed

29.4395
32.8935
7.740875
5.2298
4.9602833
5.6940165
4.8050666
5.2141914
5.7889166
7.413025
4.914225
5.2556415
6.59825
6.6767335
6.050717

HD

mean ratio
POST/PRE

1.20
1.26
1.36
1.41
1.23
1.28
1.23
1.28
1.32
1.45
1.23
1.27
1.44
1.40
1.26

OL-HDF

mean ratio
POST/PRE

1.30
1.25
1.27
1.29
1.15
1.23
1.18
1.19
1.24
1.30
1.13
1.19
1.31
1.21
1.12

Table 7: Uremic Toxins showing a decrease (depletion) in both treatments

mean Ratio

Uremic Toxins p_value p_adjust POST/PRE
Indoxyl.sulphate.NEG 0.1213 0.3638 0.62
HD p.Cresyl.glucuronide.NEG <0.001 <0.001 0.16
p.Cresyl.sulphate.NEG 0.0493 0.1479 0.74
Indoxyl.sulphate.NEG 0.1184 0.3551 0.84
OL-HDF p.Cresyl.glucuronide.NEG 0.0022 0.0067 0.14
p.Cresyl.sulphate.NEG 0.0230 0.0691 0.78

A metabolic feature is defined by retention time (Rt) and mass (Mz), whereas Rt is a
parameter that refers to chemical properties (lipophilic-hydrophilic), Mz describes the
size of metabolites. Therefore, Rt- and Mz-groups were built to make distinctive
statements about the influence of dialysis. A histogram (Figure 20) shows the number
of metabolic features by retention time in minutes. Most of the metabolic features
appear between 10 and 12 minutes. For further statistical frequency analysis
quantitatively comparable groups were built (Table 8).
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Figure 20: Number of metabolic features per retention time

Table 8: Number of metabolic features per retention time group

Rt N-Features
Min. 3-8 726
Min. 9-10 843
Min. 11 784
Min. 12-16 840
Min. 17-35 261

To evaluate the amount of enrichment and depletion in each group, chi® tests were
applied on each retention time group. The overall view represents more depletion
than enrichment; as has been expected from dialysis. Having a more detailed look,
metabolic features that differ just in one treatment (HD, OL-HDF specific), show
higher values after the dialysis (POST > PRE).
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Table 9: Number of metabolic features per retention time group with enrichment (yellow) and
depletion (green) per treatment, p-values from pearson chi*-test

HD OL-HDF
PRE>POST POST>PRE all Séme PRE>POST POST>PRE all fjélue
Min3_8 241 189 430 [0.0122 219 65 284 [<0.001
Min9_10 188 207 395 0.3391 177 213 390 0.0683
Min11 147 163 310 0.3635 110 196 306 <0.001
Min12_16 398 181 579 [<0.001 378 200 578 [<0.001
Min17_35 127 54 181 <0.001 119 55 174 [<0.001
HD-specific OL-HDF-specific
PRE>POST POST>PRE all va|§<; PRE>POST POST>PRE all valup(;
Min3_8 29 129 158 <0.001 7 5 12 0.5637
Min9_10 25 76 101 <0.001 14 82 96 <0.001
Min11 45 66 111 0.0462 7 100 107 <0.001
Min12_16 26 36 62 0.2041 7 54 61 <0.001
Min17_35 16 13 29 0.5775 8 14 22 0.2008

To estimate the overall amount of enrichment and depletion, median ratios for each

group and treatment were built. The median ratios do not differ significantly between
the treatments (Table 10).

Table 10: Median ratios of enrichment and depletion per treatment per retention time

Min 3-8

median enrichment

median depletion

Min 9-10

median enrichment

median depletion

Min 11

median enrichment

median depletion

Min 12-16

median enrichment

median depletion

Min 17-35

median enrichment

median depletion

OL-HDF
1.43
0.29
1.16
0.21
1.18
0.23
1.23
0.15
1.24
0.25

HD

1.49
0.32
1.20
0.28
1.16
0.47
1.23
0.16
1.24
0.27

A similar analysis is done for Mz groups. The histogram of Mzmed-values shows

higher frequencies in metabolic features of about 300 DA (Figure 21).
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Figure 21: Histogram of Mz frequencies.

Table 11: Classification of Mz-groups Classification
of Mz-groups

Mz N-Features
0-200 832
200-400 1543
400-600 565
600-800 355
800-1200 159

Smaller metabolic features (Mz 200-400) were removed in both dialysis modalities

(Table 12).

Table 12: Number of metabolic features per Mz-group with enrichment (yellow) and depletion
(green) per treatment, p-values from pearson chi*-test

HD
PRE>POST
MO0_200 409
M200_400 573
M400_600 78
M600_800 30
M800_1200 13
HD-specific
PRE>POST
MO0_200 56
M200_400 69
M400_600 9
M600_800 7
M800_1200 1

POST>PRE

76
246
194
199
106

POST>PRE

18
90
67
82
46

all

485
819
271
229
119

all

74
159
76
89
47

p_
value
<0.001

<0.001
<0.001
<0.001
<0.001

p_
value
<0.001

0.0958
<0.001
<0.001
<0.001

OL-HDF

PRE>POST POST>PRE
366 109
520 272
77 186
26 155
15 67

OL-HDF-specific
PRE>POST POST>PRE
13 51
16 116
8 60
2 39
1 9

all

475
792
263
181

82

all

64
132
68
41
10

p_
value
<0.001

<0.001
<0.001
<0.001
<0.001

p_
value
<0.001

<0.001
<0.001
<0.001
0.0114

No significant differences between the treatments were detected

short-term effect,.

for the 4 weeks
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Clearance could also be shown in clinical parameters like Beta2 Microglobulin
showing OL-HDF with a ratio of 4.4 compared to 3.3 in HD a significant treatment

effect in linear mixed model (Table 13, Figure 32).

Table 13: p-values from linear mixed model with patient as random effect and treatment as
covariate

p-value p-value Ratio: Ratio:
PRE- Treatment = PRE/POST PRE/POST OL-
POST HD HDF
Beta2-Microglobulin (mg/l) <0.0001 0.0002 3.254 4.374
free light chain Lamda (mg/l) <0.0001 0.0008 1.279 1.850
Free light chain Kappa (mg/l) <0.0001 0.0034 2.078 3.396

4-weeks short-term effect did not show any effects between the two treatments. To
efficiently exploit the data, annotated hits were searched explicitly. Tyrosine is the
example for an identified metabolite in both data-sets, PRE-POST (Figure 22) and 4-

weeks short-term effect (Figure 23), showing the expected result:

Tyrosine is removed by both dialysis modalities in all patients within 4 weeks, the

amount of Tyrosine is less in OL-HDF-treated patients.

HD L-Tyrosine OLHDF L-Tyrosine
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Figure 22: Tyrosine as an annotated example for a PRE-POST effect
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Figure 23: Tyrosine as an annotated example for 4-weeks short-term effect and 12 weeks long-
term effect

In 12-weeks long-term effect Paired t-tests were performed to identify significant
differences between HD and OL-HDF. 373 features showed tendencies (unadjusted
p-value of paired t-test<0.05) in R1, >98% of the features in the same direction,
meaning that OL-HDF showed smaller signals than HD. For R2, 205 metabolic
features showed tendencies, but the trend is rather in the other direction (>81% of the
features show higher levels in OL-HDF) (Table 14).

Table 14: Number of features with treatment differences per group

OL-HDF>HD OL-HDF<HD

R1 6 367
R2 168 37

Comparing the median of MzMass, 367 specific OL-HDF metabolic features were
significantly larger with mean of 292.6759 than 168 HD-specific features with a
MzMass of 247.5724 (p-value of t-test: <0.001). OL-HDF specific features also had
higher retention time compared to HD-specific features (10.67 min compared to 8.89
min, p-value<0.001).

Taking the intersection of 27 metabolic features (Figure 24) that show a certain

tendency(unadjusted p-value of paired t-test < 0.05), each of them showed the same
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pattern: first higher values in OL-HDF switch to significantly lower values, shown in
one representative example (Figure 25), irrespective of total signal-amount. This

could be the indication of a long-term effect of OL-HDF.

346 27 178

Figure 24: Venn-Diagram of tendency- metabolic features that differ between HD and OL-HDF
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Figure 25: Example for inversion of intensities for specific changing metabolic features.
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3.2.4.Nutritech: Drift Correction of a large Data Set

Samples of 72 volunteers were measured. GC-MS data were measured at the TU
Munchen (Prof. Hannelore Daniel) and processed with in-house software from Prof.

Karsten Hiller Luxemburg.

Filter steps were performed as in the formal correction, resulting in 117 from initially
493 metabolic features. The drift correction was performed with batch-adjustment and
quantile regression. The batch-adjustment was performed via a mean additive
correction-factor from the QCs for each batch to adjust the level of the 16 batches
(Figure 26). Drift correction resulted best with quantile-regression tau = 0.5 and df =
68. Improved metabolic features with a relative standard-deviation of <0.5 were

included.

The median relative standard-deviation (RSD) of the QCs declined from 1.05 median
RSD from the initial data set to 0.53 in the data-set to 0.28 in the batch-adjusted and

to 0.23 in the corrected data-set.

The QC-samples D2B7_B7_QuK_PIl_16.cmp, D2B8 B8 QuK_PI_5.cmp,
D2B8 B8 QuK Pl _7.cmp, D2B8 B8 QuK_PI_15.cmp have low intensities, samples
between these QCs were considered as outliers in the multivariate analysis of the
PCA plot and sequence scatter-plot (Figure 27 shows PCAs from original and
corrected data; the 16 different colours represent 16 different measurement batches;
the batch-dependencies diminish after filtering and drift correction (right), outlier
samples are visible on the bottom left part of the plot., Figure 28 shows Leucine as an
example of well measured and corrected metabolite (red points represent QCs and

blue dotted lines the different batches).
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Figure 26: Nutritech day 2 samples were measured in 16 analytical measurement batches.
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Figure 27: PCA-plot of original metabolic features (left) and drift-corrected metabolites (right).
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Figure 28: Drift correction of Leucine.

different batches

1000 1200 0 200 400 600 800 1000 1200

Sequence

Red points represent QCs and blue dotted lines the

63



Results: Metabolomics-Communication Check List

3.3. Metabolomics-Communication Check List

Metabolomics is an interdisciplinary field and metabolomics studies are quite complex
as illustrated in the previous examples. Therefore regular communication between the
persons involved is essential. The following checklist provides a set of questions that
simplifies the process of a metabolomics project. The checklist is written from a
statistician’s point of view describing the optimal framing conditions to implement the

data driven workflow in the best way.

The interdisciplinary team consists of

Investigating people (physician, biologist )

Analytical people (chemist, laboratory staff)

Data people (statistician, informatician)

This team (or at least the group-representatives) should have an initial meeting to
understand the study design and the research question and the following questions

should be discussed: What is the research question?

Can we operationalize the research question in metabolomics parameters?
Can we formulate the questions that we want to have to answer?

Does a reference point in the literature exist?

How many groups do we compare and why?

How many time points do we consider and why?

Which sample size will be appropriate and why?

Which sample size will be affordable and why?

© N o gk~ WD =

Is there any probable bias to consider?
o Are several study centres involved?
o lIs there a age, gender, type-dependent bias to be expexted?
9. What can we expect from our study (e.g.):
o Novelty?
o Tendencies?

o Confirmations of previous research?
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The following technical choices have to be made
1. Choice of the appropriate statistical methods
a. Combination with clinical data
b. Planning explicitly search for markers known from literature and
previous research
2. Choice of appropriate analytical methods
a. Targeted versus untargeted, standards....
b. Randomisation and measurement sequence depending on the research
question
c. Number of QCs (Important for drift correction but also important for
measuring-time)
d. Number of measurement batches
e. Targeted explicit search (e.g. uremic toxins, fatty acids)
3. Choice of data pre-processing (depending on statistical methods)
a. Grouping
b. Number of data-sets
4. Proper labelling of
a. groups

b. samples

By answering these questions a discussion regarding challenges and requirements

will arise:

5. Realistic timelines
6. Definition of tasks and assignment of persons
7. Definition of a common language
a. Scientific glossary
b. Clear terms and constant abbreviations
8. Planning of regular project meetings including
a. Agenda

b. Protocol
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4. Discussion

The discussion is divided in four parts:

- Chapter 4.1 deals with the technical aspects of the statistical data driven
workflow with focus on drift correction and statistical methodology.

- In chapter 4.2, the study results are discussed with focus on a rather medical
point of view.

- Chapter 4.3 summarizes the diverse successful applications of the workflow
and points out the diversity of application-fields.

- Chapter 4.4 gives a critical reflection of keywords in context with

metabolomics, such as biomarker, big data and precision medicine.

Chapter 4 also comprises an outlook is the discussion where an appropriate study

design for untargeted metabolomics studies is discussed for future applications.
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4.1. Statistical data-driven Workflow

Our data-driven workflow for untargeted metabolomics is tailored for the JR-
metabolomics platform. Its successful application on clinical data could was shown in
the presented showcases. As already mentioned many tools available for
metabolomics data processing (26) exist and therefore, the question comes up, why

not using the actual and newest stuff freely available on the internet?

Time and resources are probably the most important reasons. The double challenge
of producing results and developing new processes at the same time can hardly be
achieved. Tool switching is not very common and practical for “data people” who are
constantly working on data that need to be published or interpreted. Learning of new
material is time and energy-costly. Therefore once a method or a workflow produces
reliable and reasonable results, optimization the workflow is more feasible including

completely new tools that require other formats and specifications.

Developing and producing results on the same time might not be the best scientific
strategy but is favourable in terms of cost efficiency. However, comparing the
presented workflow to new R-packages like MSPrep (83), a similar selection of
statistical and mathematical tools are included to process metabolomics data. That
was also the goal for the here presented workflow: the implication of a combination of

best available methods, manageable by one person.

In the following section, the two main parts of the statistical data processing workflow-

namely drift correction and filtering will be discussed separately.

Drift Correction: Drift correction is part of data normalization (84-87).The
measurement system is highly sensitive and therefore time dependent drifts can
occur. These drifts were corrected individually with adaptable regression models. As
variability of features is high, smoothing by a locally adaptive regression technique,
like Quantile Regression was necessary. Quantile Regression is highly flexible and
well suited for the modelling of data with heterogeneous conditional distributions. Drift

correction is used to correct batch to batch variations.
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These variations appear because the sample sets were divided into batches of not
more than 100 samples each, and the single batches were measured separately.
Batch overlapping indicates high quality of the data processing workflow. The quality

degree was depicted graphically by using unsupervised Random Forests Models.

Filtering Steps are applied to remove artefacts and serve to cope with outliers and
missing values (57,84,87-93). Drift correction procedures are well described in the
literature and drift correction is commonly done by using consecutive QCs (57,88-90)
or internal standards (84,91). The regression models LR, LoReg, GLM and LOESS
(locally weighted polynomial regression) are widely used as statistical correction
methods, (84,87-90,94). LOESS represents the standard method for drift correction
(84,95,96).

Metabolomics data processing has a huge influence on the results (97,98), but the
data to be processed vary a lot between the different metabolomics studies. Reasons
are the different instrumentation platforms used, eg. C-MS, GC-MS, UPLC-MS, LC-
TOF, DIMS, NMR, etc. and the varying origins of the data, eg- from different research
areas, such as microbe studies, plant studies, from mammalian and environmental

systems studies, to name but a few.

Commercial and non-commercial tools for data processing are readily available, e.g.
DanteR, XCMS-Online and MetaboAnalyst (87,92,93). These tools demand specific
data formats that might not fit to every measurement system. Further, these tools
provide consecutive statistical analysis that might not be suitable for all research

issues.

Metabolomics data processing is still reported to be a manual process (6), because a
lot of different data processing protocols are used, depending on the measurement
abilities and kind of studies performed in the different laboratories, and no
standardized workflow has been implemented yet. We successfully introduced a data
processing workflow for untargeted metabolomics data. The single processing steps,

which we applied, are filtering steps, drift correction and normalisation.
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Filtering steps remove artefacts, outliers and deal with missing values (57,84,87-93).
Drift correction is performed to reduce batch-to-batch Variations and measurement
variabilities (88,90,91). In this study, we started with LOESS, which is the standard
method for drift correction (84,95,96) and then switched to a Quantile Regression
approach, because this approach is adaptable for different kinds of data distributions
and it is implemented as an easily manageable function in R. The parameter selection

for the Quantile Regression was based on only one set of data.

For further kinds of studies these selection should be revised. But as this parameter
evaluation for Quantile Regression has already been developed in the data
processing workflow, the parameters can be easily adopted individually for each
metabolomics study. Routinely, drift correction procedures based on the 0.5 quantile
and on the 0.8 quantile are compared for each upcoming data set. Normalization was
done to reduce systematic bias and to reduce the impact of very large values.
Normalization to reduce systematic bias was performed by drift correction.
Normalization to reduce the impact of very large values is depending on the specific
investigation problem. The kind of normalization depends on the type of variation to
be corrected (99) and is also the basis for the following statistical analysis that will be

part of the second progress report.

The data processing workflow was evaluated on an individual feature level, taking the
CV as one target value and assessing the drift correction based on qualitative
graphical representations. This evaluation procedure has been reported in several
studies (57,87,89-91). Also, graphical representations of overall multivariate
analyses, like PCA-Plots, are commonly presented to evaluate batch-to-batch
variation (57,87,89-91). We favour unsupervised random Forests models over PCA-
plots, because we further use them for the statistical analysis. To optimise the data
processing workflow, a representative set of features was chosen. This selection
depends on an arbitrary choice and as a consequence potentially important features
may get lost.
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The applicability of the workflow is limited by the number of samples: For a number of
QCs below 10, drift correction with QCs cannot be performed properly. Drift correction
is reported to be used in large-scale studies (89,96). For small studies, only filtering
steps can be performed. An expansion of the data processing workflow will be a

module for the use of internal standards additionally to the QCs for drift correction.

To conclude, we successfully developed a workflow on data processing and applied it
as proof-of-concept on study samples from four clinical investigation study. The final
data set is a mixture of not annotated, known and identified features. To obtain
relevant information a pure statistics approach is not sufficient. On contrary, a tight
interdisciplinary cooperation during the data processing between the chemist and the

statistician is essentially needed.

The success of an untargeted metabolomics approach is largely determined by the
applied data processing workflow. Our untargeted metabolomics approach included
data processing and statistical selection of metabolic feature and was successfully
used in the presented showcase-clinical studies. Data processing included filtering
and time dependent drift correction on QC-intensities, measured by LC-HRMS. The
use of the same pooled QC sample to observe the LC-HRMS measurement stability

over time is a commonly used technique (96,100).

For QC based drift correction, we used quantile regression which is often used for
data modelling with heterogeneous conditional distributions (59). Quantile regression
has already been successfully used in metabolomics for drift correction and baseline
alignment (101-104). A smoothing step by a locally adaptive regression technique
was applied because of the high variability of metabolic features. By using quantile
regression techniques, the distributions of data quantiles were modelled separately,
when dependencies were not equally distributed in different quantiles. We used a
nonparametric quantile regression to suit the conditional quantile functions, which fits
a piecewise cubic polynomial with the number of one third of available data-points
knots (breakpoints) arranged at the quantiles of the QCs-signals (59). An amelioration
of QC-variance was achieved by drift correction: the median CV of QC-intensities

from all 924 metabolic features was reduced from 0.2 to 0.1.
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The selection of metabolic features was based on significant p-values of univariate
paired t-tests and metabolic feature importance of Random Forest (RF), a well-
established methodology, metabolomics data processing (61-64,100,105). RFs are
well suited for metabolomics because of reduced overfitting and improved model
prediction (62,64,69,70) compared to other supervised classification methods such as
PLS-DA. In our study, RFs clearly indicated clusters of samples taken before and
after bariatric surgery (MDS-Plot unsupervised RF). Remaining overlaps of clusters

might be caused by individual responses to bariatric surgery.

We successfully applied a novel data-driven approach by combining quantile

regression and RFs to clinical metabolomics data.
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4.2. Discussion of Study-Results

4.2.1. Cardionor

The clinical results of this study have been published in Cardiovascular Diabetology
2014 (106). However, the metabolomics analysis of Cardionor could not distinguish a
specific metabolic profile for responder based on the relative change of the CIMT.
The Cardionor study suited well to develop the basic structure of the data-driven
metabolomics workflow, as the sample size of 44 patients produced largely enough
data. The normalization of batches as well as the pre-requirements of a successful

drift correction was also developed within this study. The

4.2.2. Bariatric Surgery

Results and discussion of this study are published in PLOS ONE. We successfully
used an untargeted metabolomics approach to identify a set of metabolites which
characterizes short- as well as long-term changes after bariatric surgery. In addition,
we also investigated known metabolites which are relevant in the pathogenesis of
cardiovascular diseases or which have previously been shown to be associated with
cardiovascular outcome. In total, we identifed 36 metabolites. Their changes over
time are best described as trend patterns. Metabolites which display unidirectional
trends of increasing or decreasing intensities are more likely to be of interest for

future studies.

The considerable difference in patterns between short- and long-term changes
highlights the importance of repeated measurements of metabolic patterns after an
intervention. Focusing metabolic analysis on a single point in time can easily lead to

false conclusions on the relevance of metabolites as potential biomarkers.
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Our analyses underline the need for a comprehensive analysis of short-term as well
as long-term changes in order to gain a more complete picture of the metabolic
changes induced by bariatric surgery. We put a special focus on metabolites that are
known to be associated with cardiovascular disease and CVR factors (including
diabetes) such as amino-acids (including BCAA), phospholipids (PCs), phenylalanine,
Trimethylaminoxid (TMAQ) and indoxyl sulfate.

BCAA intensities showed a decreasing trend after bariatric surgery similar to most
other amino acids. Previous studies have described lower levels of BCAA to be
associated with improved glucose metabolism and insulin sensitivity (34,35,107-113).
Data from the Framingham (Heart) Offspring Study demonstrated an association of
high levels of BCAA with an increased risk for cardiovascular disease (81,82). Our
results also showed an increasing trend in glycine levels which has previously been
described as a short-term effect of bariatric surgery (114) and inversely related to
type 2 diabetes (115,116). In general our results for BCAA and other amino acids
support the central role of these metabolites in the improved metabolism after

bariatric surgery.

In our analysis all identified PCs were strongly influenced by bariatric surgery but
pattern differed considerably over time. For example, PC38:6 has been associated
with an increased risk of T2DM (117). Our data show a short-term increase of PC38:6
but the increase was lower at the long-term visit relative to baseline, resulting in a A-
pattern. A possible cause for the short-term increase might be the dietary pattern
shortly after bariatric surgery or the surgical procedure itself (118,119). Also, our
short-term results are in line with a recently published study which showed an
increase of PC38:6 in the first 42 days after bariatric surgery (120). These A-patterns

clearly demonstrate the relevance of long-term metabolic monitoring after bariatric

surgery.

For other PCs such as PC36:5 we found a V-pattern, for PC40:7a steady increase.
Both metabolites have been shown to be inversely associated with coronary artery
disease and mortality (121).
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Phenylalanine, choline and tyrosine levels decreased after surgery, an effect that was
sustained after one year at follow-up, similar to previous findings that have described

increased phenylalanine and tyrosine as biomarkers for CVR (82,122).

TMAO and indoxyl-sulfate were also among the identified metabolites and are known
cardiovascular markers (123). TMAO is derived from the gut bacterial metabolism of
choline, it has been shown to be directly associated with cardiovascular outcome and
was suggested to be a potential metabolic link between gut microbiome and
cardiovascular diseases (81,123,124). In contrast to previous studies, our results
showed a significant increase of TMAO and indoxyl-sulphate similar to results of a
bariatric study in rats (123). One possible explanation for the increase of TMAO in
patients could be a surgery-induced change in the gut microbiome composition.
Alternatively, carnitine can induce formation of TMAO (125) and carnitine is often

promoted as a weight loss inducing supplement.

Although the supplements recommended in this study did not contain carnitine we
cannot exclude the possibility that patients would take carnitine by their own. This
interpretation is limited since we neither assessed dietary details to adjust the TMAO
analysis to dietary composition nor did we collect stool samples to analyze gut
microbiome composition. However, all patients underwent standardized nutritional
counseling and received the same supplementation recommendations following
international guidelines (118,119). To determine TMAO is a useful marker for CVR

factors in patients undergoing bariatric surgery further studies are needed.

The in-depth analyses of patients with established diabetes mellitus confirm
previously described predictors of diabetes remission after bariatric surgery such as
age and diabetes duration at the time of the surgery (126). Furthermore,
metabolomics analysis demonstrates that patients with a complete diabetes remission
after one year showed larger declines in amino acids levels of alanine, proline and
leucine as well as in the glycine metabolite sarcosine and the glutaminic acid derivate

pyroglutamic acid.
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Previous studies have demonstrated an association of increased levels of BCAA and
aromatic amino acids with diabetes incidence (127). Our study adds valuable
information to the few available human data on diabetes and associated levels of

sarcosine, leucyl-proline and pyroglutamic acids.

Conclusion Bariatric Surgery

In summary, the data revealed both short-term and long-term metabolic effects of
bariatric surgery in humans. The different identified patterns highlight the importance
of repeated measurements over longer time periods in order to obtain a
comprehensive understanding of the metabolic effects of bariatric surgery. Our study
provides a better insight to changes in previously discussed metabolic CVR factors
and to potential metabolic markers for diabetes remission. Our results also indicate
that some metabolites might behave differently in patients with bariatric surgery than
in other risk cohorts. For a future more précised medicine, more detailed

understanding of the metabolic effects of such clinical interventions is needed.
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4.2.3. Metaprol™

Metabolomics also has its application in the field of nephrology (128-130).
Phospholipids are a group of annotated metabolic features that show enrichment after
dialysis in both treatments, namely HD and OL-HDF (Table 6). There is no
explanation for that from the medical point of view. Therefore this result could be
basis for further targeted research. Beta2-Microglobulin, free light chain Lamda and
free light chain Kappa showed better clearance in OL-HDF (Table 13) which is in line
with literature from previous OL-HDF studies (131,132).

This result was a positive control of the planning and enrolment of the study. 12
weeks long-term effect showed significantly more OL-HDF specific features, with a
decrease. For 27 metabolic features that have an effect in HD and OL-HDF,
clearance was better after a long-term application which is an indication for a study

effect-patients were treated particular attentive during the study.

As we found the trend of smaller values in OL-HDF than in HD, disregarding the
individual p-values, a further long-term study would be beneficial. This study will have
to concentrate on the top candidates (that separate HD and OL-HDF best) and

targeted metabolomics analysis will have to be performed.

The top candidates were selected by taking the intersection of the 100 lowest p-
values and the 100 highest ratios (HD/OL-HDF), resulting in 35 metabolic features.
Assuming a power of 80% and an adjusted p-value of a paired t-test of 0.001 for each
of the candidate-features, a sample-size calculation was performed. Assuming same
sample stability and measurement quality a sample size of 35 patients would show a

significant difference between HD and OL-HDF in all of the candidate features.

""" Manuscript submission to Kideny International is planned with October 2016
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Concentrating on identified metabolites, a higher reduction of tyrosine, alanine and
valine by OL-HDF can be discussed in a cardiovascular risk context. Comparison with
results from the bariatric surgery study showed that the reduction of BCAAs and

aromatic amino acids is associated with a reduced cardiovascular risk.

Contradictory the idea was brought up that essential amino acids should not be
removed by dialysis. Another idea, which came up in the discussion with Prof.
Bernard Canaud from Fresenius Medical Care Bad Homburg was to concentrate on
metabolites that have a known functionality and are easily interpretable regarding
mechanistic aspects like metabolites from the muscle metabolism such as creatine

and adenine.
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4.3. Successful Applications of the Workflow

In summary, all here presented studies are similar regarding the overall data-
processing and the aim to select relevant metabolic features. The feature selection
process differs in its application on subgroups (like PRE-POST groups or Mz/Rt-
groups). The methods like Quantile Regression, RF and PCA stay the same, as
illustrated in Figure 9. The modelling on individual features related to patients’

characteristics differs of course.

As these metabolomics studies are further pilot studies and not conformational
studies the statistical analysis demands a certain creativity which can only be
obtained in the discussion with an interdisciplinary team. The identification of relevant
metabolic features with a significant influence is important for biological and
mechanistic interpretation that will further probably bring up new questions that

demand other statistical analysis.
The workflow has been also successfully applied in preclinical studies:

- EAE: Animal experiment: comparing blood plasma and cOFM of rats (Figure
33)

- Animal experiment: Comparing different feeding on mouse-cohorts, measuring
serum samples and tissue samples to describe a rejuvenation effect of
spermidine (Figure 34). This study was done in cooperation with Prof. Dr.
Frank Madeo and Dr. Tobias Eisenberg from the Karl-Franzens University
Graz. The work is submitted to nature and currently under review.

- Sample stability: Investigating EDTA sample stability under different storage
temperatures (Figure 35)

- Difference between IPAH patients and healthy persons (Figure 41)
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The Metabolomics communication checklist is based in study planning principles
described in “good clinical practice” ICH guidelines and in the literature (133-135).
Planning timelines, meetings, defining tasks and roles are known points from project
management in scientific settings (136) and are also essential parts to be considered

for a best performance of a data-drivenworkflow.

A clear structure of tasks and associated persons facilitate the communication and
coordination as well as the identification with the project. A structured and transparent
workflow with important methodological influence enables better and reproducible
results, as has been recently described in a special critical series of Lancet 2014
(137,138).
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4.4, Critical Reflection & Outlook

The following part deals with terms that are often used as keywords in combination
with the application and future perspectives of metabolomics: Biomarker, Big data
and Precision Medicine. Further, an appropriate study design combining clinical

properties and metabolomics techniques is discussed as an outlook perspective.

4.4.1. Keywords in Fashion

As our study results reveal, the detection of a real biomarker still poses challanges.

This definition of biomarker has been given by the NIH in 2001 (1): ,A characteristic
that is objectively measured and evaluated as an indicator of normal biological
processes, pathogenic processes or pharmacological responses to a therapeutic

intervention®.

Other keywords in fashion that are often used in the context of metabolomics are “Big

Data” and “Personalized-" respectively “Precision- Medicine”.

Big data is a field of research that touches different research areas. The subject
related journal: “Big data and society” brings the idea out, that big data is messy
(139,140), ,big data” is also used for a new marketing field for the academic-
industry(141) speaking of economic and commercial perspectives as it is the case for

Joanneum Research.

Big data works in “translation” meaning the combination of all sort of data from clinical
laboratory data to various omics data, only works for limited purposes (142,143). The
discussion of big data opportunities and constraints is split into skepticism(142,144)
and enthusiasm(145). The meaning of “Big” in “Big data” for personalized medicine is
meant in both directions- first, a lot of variables and second, large sample size that
might facilitate the identification of small populations of patients that might benefit
from specific treatment or drug (146). Taking the metabolomics studies as examples,

sample sizes are way too small to count for “big data”.
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Personalized medicine, now precision medicine (147,148) as the correct term, has
the goal to identify subgroups of patients that differ from the majority of patients and
to subsequently develop new targeted treatment for this specific subgroup of patients.
The term changed from personalized to precision because ‘personalized’ implies the
prospect of devising a different treatment for each individual patient; what is “simply”
the daily work of a physician. (149). The following paragraph gives the definition of
“precision medicine” from The Economist in 2009 published in “The National
Academic Press in 2011 (150):

(1117

precision medicine” refers to the tailoring of medical treatment to the
individual characteristics of each patient. It does not literally mean the creation
of drugs or medical devices that are unique to a patient, but rather the ability to
classify individuals into subpopulations that differ in their susceptibility to a
particular disease, in the biology and/or prognosis of those diseases they may
develop, or in their response to a specific treatment. Preventive or therapeutic
interventions can then be concentrated on those who will benefit, sparing
expense and side effects for those who will not. Although the term
‘personalized medicine” is also used to convey this meaning, that term is
sometimes misinterpreted as implying that unique treatments can be designed
for each individual. For this reason, the Committee thinks that the term
“precision medicine” is preferable to ‘personalized medicine” to convey the
meaning intended in this report. It should be emphasized that in “precision
medicine” the word “precision” is being used in a colloquial sense, to mean
both “accurate” and ‘precise” (in the scientific method, the accuracy of a
measurement system is the degree of closeness of measurements of a
quantity to that quantity’s actual (true) value whereas the precision of a
measurement system, also called reproducibility or repeatability, is the degree
to which repeated measurements under unchanged conditions show the same
results). Accuracy and precision. the point where pharmacogenetics and

personalised medicine meet (The Economist 2009).“
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4.4.2. Study Design & untargeted Metabolomics

Metabolomics has been applied to clinical and preclinical studies. The following

questions serve to measure the success of the metabolomics application:

1. Were the analytical measurements successful, in terms of sensitivity and
stability?

2. Did the data processing identify enough requested metabolic features from
reliable peaks (5000-10000)?

3. Could a big part of the measured metabolic features be kept by filtering and

drift correction steps?

Were biased avoided by appropriate randomisation and QC-distribution?

Could metabolites or new substances be identified?

Could any tendencies be observed?

N o o &

Could any statistically significant results be observed by answering the
research question?

8. Could any clinically relevant results be observed?

With only 10 samples from weakly characterized subjects, we can answer question 1
to 5 but any statistically significant results cannot be expected. We can expect to find
tendencies that can be represented graphically. Following the technical progress, the

success of being able to measure different materials from various matrices is crucial!
A reflection of metabolomics studies will help to clarify expectations:

- Was the study meant to be designed to do metabolomics or primary for other
purposes and metabolomics was an “add-on”?
What did we learn during the past five years of performing untargeted metabolomics
studies?
First, the expectations have to be kept realistic and second, not every study design

seems to be suitable for metabolomics studies!

Experience showed that the clinical phenotype has to be well characterized in clear

defined groups to get clear results from metabolomics. Clinical intervention studies
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designed as randomized controlled trials are eventually not the best model for

metabolomics studies, as seen from the examples of Cardionor and Metaprol.

Variability in metabolomics is already high due to the chaining of complex

technologies and adding another source of variability through weakly characterized

patients group, does not make any results more clear.

How can we adapt a study design when metabolomics is planned? Clinical based

research Case-Control studies with sharp characterized groups seem better suitable

than randomized control trials for a given metabolomics setting. Table 15 gives a

comparision of Case-Control-Studies versus RCT-Design (136).

Table 15: Comparison between Case Control and RCT (Cavalieri et al. 2014 S. 8-10 (136))

Case Control Studies

Randomized, Controlled Trials

Case control studies are conducted to determine
whether there is an association between a risk
factor and an outcome. A characteristic feature is
that subjects are enrolled as cases or controls
based on the presence or absence of a specific
outcome. The two groups are compared to assess
the presence of a proposed risk factor. To
optimize the ability to examine specific risk
factors, the cases and controls should be
matched as evenly as possible. The advantage of
this type of study is that the investigator can
enrol all defined cases, making it an attractive
option when the outcome is rare. Multiple risk
factors can be evaluated, provided that the
investigator thinks of the various factors. The
disadvantages of this type of study are that they
are retrospective and subject to various types of
bias. The investigator must be very careful when
defining cases and controls that are
representative of the population.

Randomized, controlled trials (RCTs) are
prospective, and the randomization, if done
effectively, limits bias. Ideally, subjects are
assigned to intervention or control groups in a
blinded fashion. RCTs are experimental rather
than observational and are designed to test the
effect of a planned intervention. Determination
of the size of the trial (number of subjects in
each group) is critical and depends on the
incidence of the outcome measure in the control
population as well as the effectiveness of the
intervention. This type of study design is the
most convincing demonstration of causality. The
disadvantage to RCTs is usually cost and
logistical considerations. At times, ethical
considerations are quite thorny, such as whether
a placebo should be utilized. Also, RCTs can be
subject to confounding.

Variability is better described and
controlled

More random-effects that represent
population but cause more variability
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From a medical point of view new insight, even mechanistic explanation of defined
characteristics should deliver novelties, that require a new methodology and cannot
be explained by conventional (analytical, laboratory) methods. As an example, only
part of the patients of the bariatric surgery study was T2DM patients. Some of them
could achieve complete diabetes remission. A further metabolomics bariatric surgery
study should include a homogenous group of T2DM patients to observe changes in

the metabolite profile after the surgery:

Can the remission-patients be separated from the non-remission patients due to the

changing metabolite profile?

5. Conclusion

Is Metabolomics as a precise and exact science?

Outcome of Metabolomics studies (as it is the case for every other scientific studies)
depends on the question we want to answer. Not every question can be answered by
metabolomics. Realistic expectations and suitable study design including meaningful

sample size will help to get most valuable results.
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Appendix: Materials and Methods

8. Appendix

8.1. Materials and Methods

Table 16: Tools for metabolomics data analysis printed in Misra & van der Hooft 2016 (26)

Table 1. Table enlisting the metabolomics tools and resources developed during the period 2014-15, consisting of the name, and
displaying their platform dependencies in terms of analytical input and computational dependencies, web addresses (URL), and
their reference if available

Name Platform dependencies URL Reference
Analytical Input Computational

Data handling and preprocessing tools

MetMSLine LC-MS R httpy//wmbedmands.github.io/MetMSLine/ [18]

MRM-DIFF LC-MS Windows http://prime.psc.riken.jp/ [17]

MRMPROBS LC-MS Windows http://prime.psc.riken.jp/ [18]

FragPred MS R http://pattilab.wustl.edu/software/FragPred/ [20]
index.php

MUSCLE LC-MS C++ http:/www.muscleproject.org/ [21]

IsoMS LC-MS R, Windows www.mycompoundid.org/IsoMS [22]

MyCompoundID.org M3 Internet http//mycompoundid.org/ [23]

IsoMS Quant LC-MS R, Windows www.mycompoundid.org/lsoMS [24]

isoOMETLIN MS/MS Internet http:/fisometlin.scripps.edu/ [25]

IPO LC-MS R httpsy/fgithub.com/glibiseller/IP0 [27]

Massifquant/ O ptimize-it MS Bioconductor httpsyfgithub.com/topherconley/optimize-it [28]

intCor LC-MS R http://b2slab.upc.edu/software-and-downloads/ [33]
intensity-drift-correction/

Peak-group-alignment LC-MS R https:/github.com/joewandy/peak-grouping- [38]
alignment

Parametric time warping LC-MS, LC-UV-DAD R https/github.com/rwehrens/ptw [37]

PeakANOVA LC-MS R http://research.ics.aalto.fi/mi/software/peakANOVA/ [38]

MSPrep MSs R http://sourceforge.net/projects/msprep/ [48]

Statistical tools

DeviumWeb Any R, Internet https://github.com/dgrapov/Devium\Web [42]

EigenM$s Ms R, Matlab http://sourceforge.net/projects/eigenms/ [45]

RepExplore Any Internet httpy/fwww.repexplore.tk [46]

MNormalyzer Any Internet http://quantitativeproteomics.org/normalyzer [47]

BioStatFlow Any Internet http://biostatflow.org/ -

Annotation tools

POCHEMON LC-MS Matlab http:/fwww.ru.nl/science/analyticalchemistry/ [49]
research/software/

BioSM MS/M3 Java http://metabolomics.pharm.uconn.edu [53]

BioSMXpress — — http:/fengr.uconn.edu/~rajasek/BioSMXpress.zip [54]

CFM-ID ESI-MS/MS Internet http://cfmid wishartlab.com/ [56]

GS-align — C++ http://www.glycanstructure.org/gsalign [58]

Cosmig LC-MS, GC-MS R http://www.bioconductor.org/packages/release/ [59]
bioc/html/cosmig.htmi

Feature Credential MS/MS R http://pattilab.wustl.edu/software/credential/ [60]

HAMMER MS/MS Java, Python http://www.biosciences-labs.bham.ac.uk/ [61]
viant/hammer/)

HR3 LC-MS, GC-MS Windows www.metalign.nl [62]

LipidPro MS/MS Windows http://www.neurogenetics.biozentrum.uni- [63]
wuerzburg.de/en/project/services/lipidpro/

MAGMa MS/MS Java https://www.emetabolomics.org/ [65]

MAIT MS R http://b2slab.upc.edu/software-and-downloads/ [67]
metabaolite-automatic-identification-toolkit/

Metabolome searcher — Internet http://procyc.westcent.usu.edu/cgi-bin/ [68]
MetaboSearcher.cgi

MET-COFEA LC-MS Windows http://bioinfo.noble.org/manuscript-support/ [69]
met-cofea/

MetAssign LC-MS Java http://mzmatch.sourceforge.net/MetAssign.php [70]

MS2Analyzer MS/MS Java http:/ffiehnlab.ucdavis.edu/projects/MS2Analyzer/ [71]

MIDAS MS/M3 Internet http://midas.omicsbio.org [72]

mzCloud MS/MS Internet https://www.mzcloud.org/ [82]

MS-DIAL LC-MS Windows http://prime.psc.riken.jp/ [78]

mzGroupAnalyzer LC-MS Matlab hittp://www.univie.ac.at/mosys/software.html [80]

continued
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Table 1. Continued

Name Platform dependencies URL Reference
Analytical Input Computational
ProbMetab LC-MS R http://labpib.fmrp.usp.br/methods/probmetaby [81]
RAMCIustR MS/MS R https//github.com/cbroeckl/RAMClustR [82]
Pathway and networks analysis, and biological interpretation tools
PathCaseMAW Any Internet http, hua.case.edu/PathwaysMAW/Web [50]
MINE — Java, Perl, Python http;//minedatabase.mcs.anl.gov/#home [73]
PathWhiz — Internet http;//smpdb.ca/pathwhiz [a5]
TrackSM MS/MS Matlab http;//metabolomics.pharm.uconn.edu/?q= [a6]
Software.html
Mar\Vis-Suite Any Java http://marvis.gobics.de [87]
InCroMAP Any Java http://www.cogsys.cs.uni-tuebingen.def [88]
software/InCroMAP
iPEAP Any Windows, Java, R http:/fwww tongji.edu.cn/~ giliufipeap.htmi [89]
kpath Any Internet http://browserkpath.khaos.uma.es/ [90]
Pathomx Any Python, Matlab, R http//pathomx.org/ [91]
MetaMapR Any R, Internet http;//dgrapov.github.io/MetaMapR/ [95]
Metabnet LC-MS R httpsy/sourceforge.net/projects/metabnet/ [100]
MetaNET Any Galaxy http://metanet.osdd.net [108]
Funrich — Internet http://www.funrich.org/ [106]
Network portal Any Internet http://networks.systemsbiology.net [107]
Simindex Any Python http://tyolab.northwestern.edu/tools/ [109]
BiNChE — Internet http://www.ebi.ac.uk/chebi/tools/binc he/ [110]
PlantSEED — Internet http://bioseed. mcs.anl.gov/ ~seaver/FIG/ [111]
seedviewer.cgi?page=PlantSEED
SPICA LC-MS — http://cmer.columbia.edu/metabolomics/ [112]
informaticstools.html
KiMoSys Any Internet http://kimosys.or [113]
Integrated interactome system Any Internet http://fwww.lge.ibi.unicamp.br/Inbio/1l S/ [114]
MetaDB LC-MS, GC-MS R https:igithub.com/rmylonas/MetaDB [144]
GC-MS-based tools
MetaM3s GC-MS R http://www.bioconductor.org/packages/ [143]
release/bioc/ntml/metaMS.htmi
Maui-VIA GC-MS Java http//bimsbstatic.mdc-berlin.de/kempa/ [158]
software/kempa Software.html
PScore GC-MS R http://raphaelaggio.github.io/ [161]
BiPACE 2D GC-MS,2D GC-MS  Java httpy//maltcms.sf.net/ [162]
NMR-based Tools
Focus NMR MATLARB http:/fwww.urr.cat/FOCUS [164]
Metabnorm NMR R http://sourceforge.net/projects/metabnormy/ [166]
BATMAN NMR R http://batman.r-forge.r-project.org/ [165]
Bayesil NMR Internet http://bayesil.ca/ [167]
SENECA NMR Java http//sourceforge.net/projects/seneca/ [168]
COLMAR NMR Internet http//spin.ccic.ohio-state.edu/index.php/colmar [169]
'H(MC)-TOCCATA NMR Internet http://spin.ccic.ohio-state.edu/index.php/ [170]
toccataZ/index
mOTLNMR NMR R http://www.ic an-institute.org/tools/ [171]
MVAPACK NMR Matlab http://bionmr.unl.edu/mvapack.php [172]
ChemoSpec NMR R httpy/cran.r-project.org/web/packages/ChemoSpec/ [173]
Library, databases, and others
TAPIR MS/M3 Python https/github.com/msproteomicstools/ [115]
msproteomicstools
TMDB — Internet httpy//pcsb.ahau.edu.cn:8080/TCOB/ [121]
BioPhytMol database — Internet http://ab-openlab.csirres.in/biophytmol/ [122]
EssOilDB — Internet http//nipgr.res.in/Essoildb/ [123]
mVOCs — Internet http://bicinformatics.charite.de/mvoc [124]
domdb — soL https:f/github.com/joefutrelle/domdb [126]
continued
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lable 1. Continued

Name Platform dependencies URL Reference
Analytical Input Computational
PhenoMeter — Internet https:/fwww.metabolome-express.org/ [127]
phenometer.php
T3DB — Interngt www.t3db.ca [128]
SwissLipids MS Internat httpy/www.swisslipids.org/ [129]
Metabolonote — Internet httpy//metabolonote.kazusa.orjp/ [141]
KOMICS — Internet hitp://www.kazusa.orjpkomics/ [142]
QOTREDS — Ruby, Rails httpy/gtreds.crs4.it [145]
MASTR-MS — Internet https:/fmastr-ms.readthedocs.org/en/latest/ [146]
Yabi — Interngt httpyfecg.murdoch.edu.au/yabi/ [147]
jmzTab — — httpy//mztab.googlecode.com [150]
PolySearch2 — Internet http://polysearch.ca [152]
SpeckTackle MS/MS, NMR Java https;//bitbucket.org/sbeisken/specktackle [153]
BioMet Toolbox 2.0 — Internat http//biomet-toolbox.org/ [154]
Metabolite Imager — Intermet www.metaboliteimager.com [156]
EXIMS MALDI-MS Matlab httpy/exims_sourceforge.nety [157]
Multifunctional tools
XCMS Online LC-M5, GC-MS Internet https;/xcmsonline.scripps.edu/ [177]
Mass++ LC-MS, GC-MS Java hitp://www first-ms3d jp/english/ [179]
MASSyPup LC-M3, GC-MS Linux http/www.Dioprocess.org/massypup [180]
MetaboNexus Any Windows, Java ttp:fwww sph.nus.edu.sg/index.php/research- [181]
services/research-centres/ceohr/metabonexus
Metabolyzer LC-M5 Python https://sites.google.com/a/georgetown.edu/ [182]
fornace-lab-informatics‘home/metabalyzer
WorkflowdMetabolomics Any Galaxy httpy//workflowdmetabolomics.org [183]
Haystack LC-MS Internet httpy//binf-app hostualr.edu/haystack/ [184]
AlLocator LC-MS Internet https:/fallocator.cebitec.uni-bielefeld.de [185]
MeKOD GC-MS Interngt httpy/prime.psc.riken.jp/meko/ [186]
MassCascade LC-M3n KNIME https;//bitbucket.org/sbeisken/ [187]

masscascadeknime/wiki/Home

Terms used in Table: Any, input data from different kinds of analytical platforms; GC, gas chromatography; Internet, tool running on
server and assessable by online access; LC, liquid chromatography; MS, mass spectrometry; MS/MS, mass spectrometry Fragrnentatlon
NMR, nuclear magnetic resonance spectroscopy; A, A package; UV-DAD, ultraviolet diode array d —, not
Abbrewatlons used in Table: BATMAN, Bayesian automated metabolite analyzer for NMR; COLMAR, oomplex mixture analysis by NMH
KNIME, Konstanz Information Miner; MAIT, metabolite automatic identification toolkit; MI:T COFEA, metabaolite compound feature
extraction and annotation; MIDAS, metabolite identification via database searching; iPEAR integrative Pathway Enrichment Analysis
Platform; SPICA, selective paired ion contrast.
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Appendix: Bariatric Surgery

8.2. Bariatric Surgery

Table 17: T2DM patients in St. Gallen and Graz

DMR Graz St.Gallen Sum
Non-DM 14 6 20
Complete remission 4 5 9
Non-or partial remission 7 8 15
Age DMl _Duration

(L]

40

Figure 29: Non-remission patients (n) are significantly older than patients with complete
remission (c) (42(9) years vs 55(9)). Nd=non-diabetes
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Veight-loss-ratio: FLFFRE

0rs

0o

0Es

Figure 30: Distribution of high weight loss (HWL) and low weight loss (LWL) group

The median weight reduction follow up was 37.7 kg (iQR: 16.25 kg). We calculated a
weight-loss ratio (weight 1 year post surgery-weight at baseline: FU/ POST) and
allocated subjects into a high weight loss (HWL) and low weight loss (LWL) group, if

they were below or above the median of the weight loss median of 0.7.
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Figure 31: Weight per time and weight reduction for patients with complete and non-remission
and non-diabetes patients

108



Bariatric Surgery

IX

Append

Identified Metabolites

Table 18

y2.e3s Aj3d1jdxa YUM palyiluap! sa11joqeiaw
yodeas Apdijdxa Yyum paiyiuspl sajogels
Yodeas Apidijdxa yam paiyiuapl sajogelaw

ya1eas Ajyaldxa yum paynuapl sayjogelaw

“SPABPUEIS Y1IM UONRIASP 3y3 Bulisal Aq pawijuod
aJe sanje/ "WasAS aAII0BX3 D Y1 UO [SIU Ul S3INIJ|OW
|lews Asan Joj uoneinap wdd dnewalsAs Jaysiy e s auayl

- uaWwo)

€6' o1 T665597°TT  TTEOOYO'9L (v ‘L¥) payuap| auhin auhly
87T ST yT6T'0T $000£0°9TT (v ‘1Y) payuap| SUIBA  9TO/S9T U TN}
34] 4 8SEVEY'ET  €0L9LOLYT (v “LY) paynuap| sulwend 901859z 3d T 4
980 9 STYeYY'6  9TTTOT'ZET (v ‘1Y) paynuap] upnajos|/uPnal 6508592 3d TN
0T T STLYYT'S T€5985°7€8 | sse|2 punodwod 03 Suipiodde awiy uonulaL ‘parerouue AjaaieIngd £:0¥2 d 806592 3d TIN ™}
T T ST0S0T'S  8Y0LS'908 | Ssejd punoduiod 03 Bulpiodde S} UoRUSIAL ‘Parelouue AjeInd 9:8€D2d  TE0659¢ 3d TN}
16°0 4 TwL600'S €96V55'082 | SSe|d punodwiod 03 uIp10dde B} UOHUSIAI ‘Parejouue AjaieInd S'9€D0d 0006597 3 T 4
150 1 L9LTT9'7  S68ES'8LL | SSeJo punodwiod o3 Bulpiodoe B} uonua1R) ‘parelouue AjaieInd 9:9€D2d 6668597 3d TN}
11T 4 SLEVLT'S  866USS'9SL | SSED punoduwiod o3 Buipiodde swiy uonualal ‘paterouue AjpAnend €Y€10d 6568597 3d TN}
€10 T G80£STT'S  9590v€'02S $Se[2 punodwod 03 BuIpI022E JWI} UOIURIRL ‘Palelouue AjpAlend TD DdosA] £££859T 3 TN ¥
€00 k4 £19897'8 L6SE6TT0S sse|2 punodwod 03 Sulpodde awi} uoiuAlAL ‘parelouue Ajpaneind :07D 3d0sA 85/859Z 3d TN}
LT'0 4 LTITEQY  8/8YZE'Y6Y | SSEJD punodwod 0} Bulpiodde Wi} uoHuIIal ‘pajelouue AjaaneInd TDDdosAT 05£8592 3d T4
T €E/88T'6  YESYST'6TT pajejouue ‘s oignal  eeess9oz 3d TN
L6'T T €EL0€8'6  TLTL60'SOT (v ‘1Y) payuap| ueydoydA11 “6260080NH ueydoydhil  5/z8s9z 3d TN
85T 4 €ESTTYTT  ZESTBOZ8T (v “LY) paynuap| auIsoIA1"8STO0EANH suisolAl  0TZ8597 3d TN 3
S6°0 4 990ZST'ZT  €9T6TT'SLT (v “LY) pa! suluBly £ TS009AWH suuiBly  y81859Z 3d TN}
90T T TWLTYL'6  66¥980'99T (v ‘1Y) pa! uluejelAuayd 6STO0SANH aulueelAuayd  S918597 3d TN}
290 4 €8€L/8'0T  STLTIT'TIT (v ‘1Y) pa aunIuIe) 290008aNH aumied  TST859¢ 3d TN}
18°0 € 668T°CT SOTZLO'TET (v “LY) pa! 118910790009 ANH sunealy  £508597 3 TN H
190 14 SEBOT'ET ££6590°0ZT (v ‘1Y) paynuap| auIu03.Y L~ Z9TO0SANH suuoaiyl  0£08597 3d TN}
(720 S SL6T86'9  6BOSEO'ETT (v ‘1Y) payuap| 119640 00€008AINH IPeIN STO8S9Z 3d TN
'z 0 SLOT90'0T  T8SLOT'VOT (v “L¥) payuap) U110y ™£60008INH auljoyd  z00859Z 3d T4
090 L 80LL6T'TT  ¥609550°06 (v “LY) paynuap] auuely” T9T00SANH suuely  €66£59¢ 3d TN}
880 6 SLOLLSTT  6L0¥9L0°9L (v “Ly) paynuap| PIX0-u-uiwelAy1awi 1 ~Sz60090NH OVAL ~ 8£6£597 3d T}
09 4 SSYOT'L 889T90'ErT (v ‘1Y) payuap| 3UIpLINT962008ANH 697£S9T U TN}
180 v S9769'CT TLYZ0T'8TT ploe duayiolued 0TZ009ANH pIoe dIUBYI0IUEd | ZOV/SIT AU TN 4
LT L 8566C1'6  TEET00TIT 21eydins |AXopu|~Z89009dNH deyns [Axopul  T8ELS9T IU TN 4
S €E88YY'6  VYEIET/ST pajejouue Ajpaneind p1oe dlouedapAxoipAH-€-(4) 50T SANH €0€L59T U TN}
960 o1 £9T656'6  6S0UP0'6YT (v ‘1Y) payuap| 350014~ €82009ANH sasoluad  £STLS9T U TN 4
8L'0 78 T6LLTO'ET  €8/960'SYT (v “LY) payiauap| auIsA1"Z8T009dNH SuisAl GET/S9T U TN 4
9T 8 STY9vyS'TT  ZSTB0'TET (v “L¥) paynuap| aUIYNUIO” ¥TZ008ANH aUNUIO|  690/S9Z U T 4
160 4% v168°CT 62LEE0'STT (v ‘L) payuap) poe snein|doihd~£92008AINH preswenBoiAd  ¥S0LS97 U TN S
€90 vT €86596'CT  889EE09TT (v ‘1Y) paniauap| au1A|81A122y~ Z€S008ANH auPABIAdY | STOLS9T FUTTN 4
0s'T ST S8006'6 LLEBEO'STT (v “LY) payiauap| Pp1oe 2li3|eAOXO-Z S98TOEANH ploedUBIeAOXD | ZTOLS9Z U TN 4
0€'0 vT £90V0T'TT  TS98E0E0T p1oe suANnqosiAxolpAy-eydiy”62£0090NH p1oe ouAInqosiAxoupAd | ¥969597 U TN #
£50 (4 999€/Z'TT  L¥T98E0'B8 3UIS02.eS T/Z008ANH auIs0JieS 6169597 U TN}
“ReEEp |- A)wdd |- [pauny [ Jpowzn |- UOREdLAUSPI J3quNN-8aNH BICEEE = ar-aimesy

109



Appendix: Bariatric Surgery

Table 19: Nutritional Information: Supplements after bariatric surgery.

Supplement Amount Frequency
Calcium-Carbonate (-Citrate) 159 daily
Iron Il iv. or 200 mg every 3-6 months
Ironll p.o. 100-200 mg

Vitamine D3 p.o. (OleovitD3) or 1200 IU

Vitamine D3 i.m. 300 000 1U every 3-6 months
Vitamine B12 i.m. (Erycytol) 1000 pg every 3-6 months

Vitamine B combination

twice a week

Multivitamin micronutrient supplement

daily

All subjects underwent standardized nutritional counseling and received the same

supplementation recommendations according to the guidelines (German S3 guideline

on obesity and surgery)'?

12 http://www.adipositas-gesellschaft.de/fileadmin/PDF/Leitlinien/ADIP-6-2010.pdf
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Appendix: Metaprol

8.3. Metaprol
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Figure 32: Clearance of Beta2 Microglobulin (mg/l) in HD (left) and OL-HDF (right)
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Appendix: Pre-clincial Studies: Application of data-driven Workflow

8.4. Pre-clincial Studies: Application of data-driven Workflow
14
Plasma
cOFM
300 o

Figure 33: EAE discriminatory features in blood and cOFM samples, 14 metabolic features are
in common.
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Figure 34: Mouse samples describing clustering for age, despite feeding conditions.
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Figure 35: EDTA sample stability: samples frozen at -20°C show distinctive clustering to other
termperatures
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Objective
Even if known cardiovascular risk factors,
such as blood glucese, hypertension
or lipids are adequately treated,
cardiovascular disease (CVD) risk
remains doubled in patients with type 2
diabetes mellitus (T2DM) compared to
their non-diabetic counterparts.

The aim of this study is the detection of
candidate bimarkers in low molecular
weight compounds allowing identifying
patients with progressive atherosclerosis
despite attempts to intensify risk factor
treatment. First results are presented
here, using a holistic approach invalving
a subgroup of a larger trial for developing
statistical algerithms.

Study Population
100 TZDM patients not reaching current
glucose, blood pressure and blood
lipid treatment targets were included
in a prospective trial, where risk factor
therapy was intensified within 3 months.
To develop algorithms we used serum
samples of a subgroup of 18 patients.
We selected 9 patients, who responded
well to cardiovascular risk factor
management while the other 9 patients
basically did not respond (Figure 1).
Serum samples were collected before
therapy start.

Methods
LC/FTMS-Metabolite Fingerprints
{HILIC and IP/ RP-LC coupled to LTQ
Orbitrap XL) of deproteinized serum
samples, multivariate stafistical
approach for dimension reduction
and data overview (statistical
analysis and data preparation were
done with B-2.13.1).

THE INNOVATION COMPANY

Figure 36: Conference of the Metabolomics Society ; JUN 25-28, 2012; Washington, USA

Results
1286 Features (filters based
on (C-sample analyses
were applied, blank and
high correlating features-
intensities were excluded)
from LC/FTMS-Metabolite
Fingerprints did not show any
clustering between responders
and non-responders (PCA,
Figure 2). Clinical parameters
known to be associated with
cardiovascular outcome
were chosen fo reduce
the dimension of available
data. Linear models with
HbA1c, Carotis Intima-media
Thickness (IMT), systolic blood
pressure and LOL cholesterol
as predictor variables were
applied to select highly
explanatory features. The
selected features are explained
by the relevant clinical
parameters with a comelation
coefficient of more than 0.5.
A data overview with PCA
of 32 Features shows on
the first two components a
tendency towards a clustering
between responders and non-

responders (Figure 3).

The small sample size has

to be considered when
interpreting the results.
However, these tendencias
are hypothesis generating
and suggest to look more
closely and targeted into
metabolomics for the
upcoming bleod samples.
We identified 32 features,
which represent the basis for
further research on the whole
study group (100 subjects),
where stronger tendencies are
expected.

Clinical Study
(Cinical Paramgters
Therapy Success.

‘St of Possible Metabolite
Biomarkars

i e’ i
\& Whole Stisdy Population {100 Subjets) ] |
Figurs 1. Schamatic wew of siudy procedus,
aciyal setfing for hypolhesis generating and fuus
rospects for the whols siugy popuiation.

-

L = J
Figurs 3. Tendency fowards fwo clusizrs.

cuf phi 12057
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Quantile Regression-Based Drift Correction

Applied to Metabolomics Data from Human Serum Samples

Sophie Narath'~, Michas! G. Schime#”, Guanar Libésilsr!, Eopar Gandsr!, Harald Sounj®, Frark M. Simer'S, Thomas . Asber'.”, Chrisioph Magnss?

Objective

We aim fo compese  workflow o idantify and
compansate anahyfical date for bizs from various
sources (zample collection and preparation, HILIC-
FTMS analysis). Tha worsflow comprisas dala
fiflering and drift correction. The stafistical methods
o be appliad for signal drift comection depand
primarily on data stucture, study size, Ba numbar
of OC samples. end technical specficities of the:
analylical mefhod. OC samples ers panerally used
o comect metabolomics datal!l W prasent here
our quantile regression approach.

RF was usad for paak detaction, paak grouping
and the complete workflow for drift comaction.

Filtering

Filtering sieps are bassd on eochuding technical
artatacts, redundant information. baich
differaniation, end highly spread features.

ax
T wm omme o

Figure - it o ection g 2 quniie
Right: fired emecion

Criteria fo ewaluats e success of the workfow
wera ovarall lowar variafion in OC samplas,
graphical raprasentafions of drift features and
muifrariats modedling based on batches s class
wariahles io delarmine the degrea of batch overlap.
Baich separafion before and after data praparafion
= comparad through multiveriate modeding
apprmaches FCA & Random Forest). We hava
chosan Random Forest because of its adapiabiily
for nonfinesr properties of the data (Figure 2. In
tha presant casa 500 trees were usad as a default
paramedar.

n the present project, metabalite fingarprints of
daprofsinzad serum samples from 106 fype 1
tishetes patients wers panarated using HILIC-
FTMS (LT Orbitrap XL. Study samples were
divided into & diffanant analysis batches.
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mgrmin g
wsig - b - 0.9

Lt mods fis for the OCs.

Methods
Quantile Regression

The main advantege of quanfie regrassion over
ofhar regression technigues is its fiexbiliy for
modelling data with helarogenesous condiional
distribufians. Since ha vanabiily of featurezwas
high, smoothing by a locally adaptive ragression
techniquewas required fo retrieve the maximum
welusble information.

In thiz case, the 90% quentile of the OCsfy's) was
estimated via & nonparamatric quartile regreszion
using regression splinas depanding on e sampls
rumber jx's). This procedure fils a piscewise cubic
patymomial wiEh 5 knots () [breakpaints in the
third derivativs) amenged at the 50 % quanfle of
the x's: mg [y ~ ba(x, ff = 5. lau= 0.9

Through & muttiplicative comeciion factor basad
on the median of e original OC-welues. & further
quantia regrassion modal is esimated to comact
all samplies (Figura 1).

Evaluation of the drift correction

-
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Fgure2:1 wom fandhm ot ralnulation from angind
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The workfiow application resulted in a featura
reduction of more Ban 50% [from 12,000 infally
datected features), lwervanation orar the: OC poct
samples ffrom a RS0 of 0.35 1o 0.2, and less
wisible batch clustering {Fgurs 3).

=n

. A
Fipure 3 Unsupe e R Far =t c skl o it
vt b 12, pltting beictes and O0s = chess it

Discussion

To considar various feasibla drift patiams, a
systematic analysis of fa befhaviour of the quantiia
regrassion approach for such data is currentiy
undar inveshigation. The workfiow will ba opmizad
with data from upcoming clinical studies.

penpox3Em

Figure 37: Conference of the Metabolomics Society ; JUL 01-04, 2013; Glasgow, UK
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Objective
Bariafric surgary is cumanfiy the most affactie
freatment of obesity. Obasily is associaled with
n=ulin resistance which bath improve with bariatric
zurgery. The pold standard for insulin resistance
measwemant i fa byperinsulinaamic-auglycas-
mic: clamp. This tast is burdenzame for the patiant
and not suitahle for routine assessment. Easy-
fio-measura metabolic parameters are naedad for
n5ulin resistance measuremant.

Methods

A date-drvan approach was appied o invastigate
tha short famm effacis in the metebale profile after
bariatric urgany and their ralatienship to insulin
resistenca.

75 sarum semplas from 25 patiants befom, aftar
hospital discharge and 1 year after surgery wese
measured by LC-HRMS HILIC- UEmcte). Data.
wera processed with X CMS and normalized through
Quentils Regression an 0Cs. Features sslecion
and dimension reduction was done by combining
univariebe and mulvariats stefsficel methods
nciuding Rendom Forests Models. The glucoss
miusion ratie (GIR) was maasurad during & hypes-
nzulnasmic-suglycaemic clamp. Tha relation bet-
ween G and matabolomics data was analysed by
Pasfial- L sast-Squares-Ragression Modals (FLSR).

109 fiemhures including branched-chain-aming-
acids, creating and long-chain-faly-acids ware
dentfied as diszriminatory feabures for short-term

DATA-PROCESSING s - e

Statistical Workflow

A J

MODELLING | '
Feature-Selection

~ Metabolomics & diabetes relevant outcomes ::

\ J

MODELLING I
Regressions

XEMS
Filtering
n {Quantile Regression)

| 3000 Features |

Random Forests Modelling
Paired-T-Test [FDR}

| 109 Features |

\ J

| Partial Least Squares Regression

Linear Mixed Effects Modelling

Y

o
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gffects. Thase features ware further processad in Figure - Statstic I offet of bariatri ¥
a cross-validated PLER (10 companants) which
explained 73% of the GR-weriancs. Linear mied-
affiact modals of rapresantative: features will be per-
fiormed in the fubure. S
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Figure 38: Metabomeeting; SEP 10-12, 2014; London, UK. 2014.
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Introduction
Barigtric surpery is cumanity considarad ona of the mast efisctive treatments
of obasly, leading o a racovary of the patient’s metabolism. Besidas the highly
indteiduel matebolic affects of beriatric surgery, the reduction of cardiovasculer
rigks is an important aspect fo be assessad. The aim of this shudy was fo
idanfy and quentify rakvant metabelic changes which occur shortly affar the
surgary and affier ana yeer in & lang tsrm follew-up.

Metahalic feafire salechion resufied in 177 matebolic isaturas that describe short-
‘erm and long-term effects and subsaquenty 36 metabolfes were idenffied.
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Tha identifiad mataboltas showed different trend-patters ovar time, highlightng
tha importance of short and long-tarm mefabolomics assessmant after bariafric
surgary. For the dewelopment of potential progrostic markers, matebolfes with
a negative or a positive madian frend ere better suited for furfher imesfigations
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Methods

LC- HRMS (HILIC-0Exacting was used to anafye 132 serum samplas from
44 patianits befora surpary (PRE), after hospial dischangs (POST) end ate
1 yaer follow-up (FU). The rew dafa was processed with open source R
package XCME, opfimizad by IPO[1,2) and normalizad through quantie
ragrassion based on qualify controls.

Combining Random Forests and paired-£-tests dafined & process o salact
metabalic: faatures that describe the changes batween two time points.
The zama matabalic feature selecfion process was applisd fo compare fima-
peint 1 and 2 [PRE-POST) aswell as fma-paint 1 and 3 [PRE-FU).

The intarsection of fe sslacied chameciarisiic metabolic features frowm both
‘comparizons reprasants the combined information of short- and long-term
affects of beriakic surgery.
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Conclusion

rather fhan matebolfes with an altemating zigeag coursa. This study Fnis short-
farm and long-tarm metabolic changes after barialric surgary by wsing an unter-
(geted metabaiomics approach.
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An untargeted metabolomics approach to detect
biomarkers for the effects of bariatric surgery in humans
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Background Results
@ Bariatric surgery & currently considered one of the most effactive treatments @ Metabolic feature selection resulted in 177 metabalic features that describe
of obesity, leading to a recovery of the patient’s metabolism. shot-1emm and leng-term effects and subsequently 36 metabolites were
® Anuntarpeted mesbolomic profike can be used as a first step in the identfied
development of biomarkers to predict and survey the efiects of bariatric
Surgery. . ) s
®  Basides the highty indidual metabolc effects of bariarric suery, the N Mt r
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Conclusions

# We identified short-t2rm and long-term metabolic effects of bariatric surgeny
in humang through an untargeted metabolomics approach.

®  The different identified metabalite-trends highlight the importancs of repeated
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metabalic faatures that descrite the changes betwaen two time paints. i . o .
& Our study is also able to give a better insight into changes of previously
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Metabolomics indicates potential biomarkers for IPAH
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Introduction

The terminal stage of pulmonary arterial
hypertension (PAH) is characterized by
a significant reduction in the pulmonary
vascular lumen, subsequently leading to
right ventricular failure and premature
death. In animal models with chronic
hypoxia-induced PAH, vascular changes
that are characteristic for the disease
have been directly linked to an
imbalance between glycolysis, glucose
oxidation, and fatty acid oxidation,
suggesting that there are similarities
with cellular mechanisms detected in
cancer. Data from both in vitro and
animal models suggests that metabolic
alterations play an important role in the
molecular pathogenesis of the early or
developing  stage of  pulmonary
hypertension. Therefore detection of
metabolic biosignatures may help us
reveal potential biomarker candidates in
idiopathic PAH (IPAH).

Materials and methods

LC-HRMS (HILIC-QExactive) was used
to analyze 16 serum samples from 8
healthy (CRTL) and 8 IPAH patients.
The raw data was processed with open
source R package XCMS, optimized by

IPO, and filtered for analytical
stability vyielding 1404 untargeted
metabolic  features. For targeted

analysis metabolites were identified by
mass and retention time and whenever
possible against reference standard
yielding 102 suitable for multi- and
univariate analysis and additional 33
metabolites suitable  for univariate
analysis only.

Conclusion

These pilot findings draw our attention
towards circulating fatty acids and lipid
components in IPAH and provides a

starting point for further detailed
investigations.
Patient characteristics IPAH
Number of patients 8 8
Age [years] 61411 6111
4749 -
Cl [I/minfm?] 26108 -
|PvRI WU m] 15376 -

Table 1. Patient characteristics
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Introduction Patient characteristics

Renal replacement therapy has become a standard of care
for patients suffering from end-stage renal disease. Despite
numerous technical advances, patients treated with the
standard of care i.e. hemodialysis (HD) still experience high
annual morbidity and mortality. Evidence of better clearance
of middle molecular weight uremic toxins has led to the
introduction of hemodiafiltration (HDF), which combines
convective solute removal with traditional dialysis. Some
studies have shown a survival benefit for patients treated
with HDF compared to conventional HD. To date, there is no
comprehensive metabolomic and proteomic characterization
of the different clearance prefiles of these two methods. Such
an analysis could serve as a basis for generating hypotheses
to explain the potential survival benefit in HDF-treated
patients.

Study design

HD HD

Plasma: pro + Plasm: pre +

past dialysis

5-14 days 4 weeks 8 weeks l
OL-HDF OL-HDF
Visits:
Visit 1 Visit2 Visit 3 Visit 4 Visit's
* * X %>
Weeks:
2101 0 4 8 16

Prevalent dialysis patients were randomly assigned to
receive 4 weeks of high-flux HD using FX80 membranes or
post-dilution online-HDF using FX800 (both Fresenius
Medical Care, Bad Homburg, Germany) membranes.
Thereafter, the patients were crossed-over to HDF or HD
treatment respectively for 12 weeks. Blood samples for
routine clinical parameters as well as for metabolomics and
proteomic assessment were drawn at week -2, 0, 4, 8, and
16 before the first randomized treatment. The primary
endpoint was the short-term changes in the metabolome and
proteome after 4 weeks of HDF versus HD. The secondary
endpoints included short-term changes in the metabolome
and proteome in HDF vs HD before and after treatments as
well as long-term changes after 12 weeks of HDF vs HD.

Patient Demography

Group HD - OL-HDF OL-HDF > HD Total
#patients 1 12 23
Sex (fim) 38 39 17
Age 66.40 +9.65 69.13+8.17 678
BMI 28.18+7 46 28.05+5.38 28.12
Comorbidities
Arterial hypertension ] 8 16
Diabetic nephropathy 5 2 7
Diabetic retinopathy 4 1 5
Peripheral artery disease 3 4 7
Renal anemia 10 9 19
sHPT 9 9 18

Pre- vs. Post-Dialysis

Using HR-LCMS we identified > 3400 metabolic features.
Differences between pre- and postdialytic samples were
clear as 2155 out of a total of 3443 metabolites showed
significant changes.

Treatment effect

etaprol V304 PCA Fdtarndf eaturs = 4154

196 out of 5154 features show a tendency between HD and
OLHDF (unadjusted paired t-test < 0.05).

POSTERPRASENTATION OGN (rsisize

Figure 42: Poster showing results from METAPROL-Study, presented at the ONG 1.-3. October
2015
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