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For Levi – you can do everything!

“It’s been a long road,
To get from there to here.

It’s been a long time,
But my time is finally here.

And I can feel a change in the wind right now.
Nothing’s in my way.

And they’re not gonna hold me down no more.
No they’re not gonna hold me down.

Cause I’ve got faith of the heart.
I’m going where my heart will take me.

I’ve got faith to believe.
I can do anything.

I’ve got strength of the soul.
And no one’s going to bend or break me.

I can reach any star.
I’ve got faith, I’ve got faith,

Faith of the heart.

It’s been a long night,
Trying to find my way.

Been through the darkness,
Now I finally have my day.

And I will see my dream come alive at last.
I will touch the sky.

And they’re not gonna hold me down no more.
No they’re not gonna change my mind.”

Rod Stewart – Faith Of The Heart
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Abstract

Bioinformatics is an important part in today’s life sciences. Nowadays, many
different methods generate large datasets of biological data. The specificity of
the underlying biological question requires powerful and specific tools for data
analysis. Additionally, large datasets enable computational scientists to generate
new algorithms and methods to get new insights into biological processes.
Gas chromatography/mass spectrometry (GC-MS) driven non-targeted
metabolomics is a powerful tool which is already widely used for detection of
biomarkers and for investigation of metabolic changes. The usage of stable
isotopes in a biological system allows to trace individual flux changes which
emerge from changes in the metabolism. Recently, methods for non-targeted
detection of metabolites enhanced metabolomics to detect all labeled molecules
in a biological system without previous knowledge.
During my thesis, I developed algorithms to support data analysis for different
biological questions. Based on these algorithms I developed user-friendly
applications to support scientists at their daily work with biological data.
Additionally, I applied the algorithms and applications on specific biological
datasets to evaluate their analytical abilities and limitations.
I developed MIAMI, an application for the non-targeted detection and
visualization of metabolic changes without a priori knowledge of the biological
system. I successfully applied MIAMI to elucidate the location of the molecular
mode of action of seven pesticides. Additionally, I could show that the C. difficile
toxins TcdA and TcdB decrease the labeling of N-acetylneuraminic acid, a
component of mucin and preferred substrate of C. difficile, in human colorectal
adenocarcinoma cell line HT-29. I also demonstrated, that the catalytic activity
for this reaction is only needed for TcdB, but not for TcdA.
I furthermore developed DBSAnalyzer, an application to calculate
gluconeogenesis and glucose production based on simple Dried Blood Spots
(DBS) experiments and a mathematical model. I used DBSAanalyzer to
demonstrate the technical and biological reproducibility of the DBS system and
analyzed a dataset of 63 type 2 diabetes mellitus patients and controls.
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Zusammenfassung

Bioinformatik ist ein wichtiger Teil der heutigen Lebenswissenschaften. In der
heutigen Zeit werden von einer Vielzahl von Methoden immer größere Mengen
an biologischen Daten generiert. Die Spezifität der zugrundeliegenden
biologischen Fragestellung erfordert leistungsstarke und spezifische Software
für die Datananalyse. Außerdem erlauben die großen Datenmengen
Computer-Wissenschaftlern neue Algorithmen und Methoden zu entwicklen
um neue Einblicke in biologische Prozesse zu erhalten.
Ungerichtete Metabolomanalysen mit Gaschromatographie und
Massenspektrometrie (GC-MS) sind weit verbreitete Methoden zur Entdeckung
von neuen Biomarkern und zur Untersuchung von Stoffwechsel-Veränderungen.
Stabile Isotopen erlauben es den Fluss der Metabolite in einem Organismus zu
verfolgen. Neue Methoden erlauben es, ohne Vorwissen, alle isotopenmarkierten
Metabolite in einem Organismus zu detektieren.
In dieser Arbeit habe ich Algorithmen entwickelt um die Datenanalyse von
verschiedenen biologische Fragestellungen zu unterstützen. Basierend auf
diesen Algorithmen habe ich nutzerfreundliche Programme entwickelt, die
Wisseschaftler bei der täglichen Arbeit unterstützen. Weiterhin habe ich die
Algorithmen und Programme auf spezifische biologische Datensätze
angewendet um die analytischen Fähigkeiten und Grenzen der Programme zu
evaluieren.
Ich habe MIAMI entwickelt, eine Software um metabolische Veränderungen zu
detektieren und zu visualisieren. Ich konnte MIAMI erfogreich anwenden um
die Wirkungsweise von sieben Pestiziden aufzuklären. Weiterhin konnte ich
zeigen, dass die Toxine TcdA und TcdB von Clostridioides difficile
N-Acetylneuraminsäure (NANA), einem Bestandteil von Mucin und beliebtes
Substrat von C. difficile, reduzieren kann. Außerdem konnte ich zeigen, dass TcdB
dazu die katalytische Funktion benötigt, TcdA hingegen nicht.
Außerdem habe ich DBSAnalyzer entwickelt. Ein Programm um die
Glukoneogenese und Glukose-Produktion basierend auf einem einfachen
Experiment mit getrockneten Blut Tropfen und einem mathematischen Modell
zu berechnen. Ich habe DBSAnalyzer angewendet um die technische und
biologische Reproduzierbarkeit der Methode zu demonstrieren und um einen
Datensatz von 63 Type II Diabetes Patienten und Kontrollen zu analysieren.





1 Introduction

1.1 Metabolism and metabolic profiling

In biological systems, metabolites are end products of all cellular and regulatory
processes (Figure 1.1). As the final products of the cellular cascade of regulatory
events on the genome, transcriptome, and proteome, the metabolome reflects all
changes of a response to any perturbation of a biological system and is closest
cellular reflection of the final phenotype (Fiehn, 2002; Dettmer et al., 2007).

Figure 1.1: The central dogma of “omics”.
Genes, mRNA and proteins are altered by regulatory systems. Metabolites are the

final biochemical products and reflect the sum of all previous changes in the
regulatory cascade (Patti et al., 2012).

In the last decades, metabolomics has emerged as an essential tool in many life
science disciplines. Researches use metabolomics in microbiology,
pharmacology, and in plant, animal, medical, and food science (Putri et al., 2013).
More recently, metabolomics has gained the interest of biomedical scientists for
diagnosis and mechanistic understanding of diseases, identification of drug
targets, and individualized medicine (Wishart, 2016).
Scientists use different approaches in metabolomics. The methods differ in
analytical resolution, experimental time and effort, and outcome (Patti et al.,
2012). Therefore, every technique has its areas of application. Metabolic
fingerprinting uses high-throughput technologies for rapid and global
screening of metabolite levels to classify samples without identification or
quantification. In contrast, metabolic profiling seeks to identify and quantify a
predefined set of metabolites. Targeted metabolome analysis aims for qualitative
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and quantitative analysis of one or a few metabolites with high sensitivity and
accuracy. Non-targeted metabolomics aims to detect and analyze as many
metabolites as possible (Dunn et al., 2005).
The vast diversity of metabolites is challenging, and therefore, different
analytical platforms exist. Every platform has specific strengths and weaknesses,
and the choice depends on the metabolites of interest. The most prominent
platforms are gas chromatography/mass spectrometry (GC-MS), liquid
chromatography/mass spectrometry (LC-MS), and nuclear magnetic resonance
(NMR) spectroscopy (Artati et al., 2012). Mass spectrometry (MS) based methods
provide a higher sensitivity compared to NMR spectroscopy. However, MS
methods require extra sample preparation steps and preceding separation by
liquid chromatography (LC) or gas chromatography (GC). But a wide range of
ionization methods, mass analyzer technologies, and ion detectors are available
to increase the number of detectable compounds in MS-based systems (Emwas,
2015).
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1.2 Gas chromatography/mass spectrometry

For the aim of this work, the analysis platform used was GC-MS for data
acquisition. The GC separates the metabolites and the MS subsequently ionizes
and detects them. In the context of metabolic profiling, GC-MS is the method of
choice because of the high separation capacity, selectivity, and specificity.
GC requires the metabolites to be volatile. However, many polar metabolites
have high boiling points because of molecular groups with acidic protons (Lai
et al., 2018). Therefore, the derivatization of the metabolite extracts is needed to
increase volatility and thermal stability (Haggarty et al., 2017). Many reactions for
compound derivatization exist, like alkylation, acylation, esterification, silylation,
or oximation. The silylation with N-methyl-N-(trimethylsilyl)trifluoroacetamid
(MSTFA) offers the broadest access to metabolites (Kvitvang et al., 2011). However,
oximation, in addition to silylation, further improves the number of separable
metabolites (Lai et al., 2018). The trans-esterification of fatty acids for
derivatization needs an additional inorganic catalyst (Orata, 2012).
The chromatographic separation starts in the GC inlet, where the derivatized
sample is injected. There it is instantly vaporized and carried into the inert gas
phase with high temperatures. The inert gas transports the vaporized
metabolites into the column, where they interact with the stationary phase of the
column. Due to different interactions of the metabolites with the stationary
phase at different temperatures, the GC applies a temperature gradient to the
column (Piantanida et al., 2014).

After separation, metabolites enter the mass spectrometer in which they are
ionized and finally detected by their m/z ratio. Different ion sources exist for
ionization, like electron spray ionization (ESI), chemical ionization (CI),
matrix-assisted laser desorption ionization (MALDI), single-photon ionization
(SPI) or electron ionization (EI). Data acquired from EI is highly reproducible
even on different instruments, which makes this method very suitable for the
identification of unknown compounds (Bhardwaj et al., 2014). However, EI is a
hard ionization method with high fragmentation due to the high ionization
energy used (60–70 eV). The molecular ion, which represents the ionized full
derivatized metabolite, is often not detectable or has a low intensity.
Nevertheless, the previously described derivatization can reduce the
fragmentation and therefore enhance the molecular ion signal (Bhardwaj et al.,
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Figure 1.2: Schematic view of a MS instrument.
Metabolites enter the ion source from the GC and are ionized (left). Ions are then

directed through the quadrupole (right) based on their mass-to-charge (m/z)
(Wittmann, 2007).

2014; Hiller, C. Metallo, et al., 2011). After ionization (Figure 1.2 left), a mass filter
separates the ions based on their m/z ratios. Most commonly used mass filters
are time-of-flight and quadrupole, whereas quadrupole instruments are more
widely used (Kind et al., 2009). The quadrupole generates an oscillating electric
field between four cylindrical rods, which lets only ions with a specific m/z pass
to the detector (Figure 1.2 right). Voltage changes between the rods change the
m/z allowed to pass. One pass through the full m/z range is called one scan
(Wittmann, 2007).
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1.3 Stable isotope-assisted metabolomics

Changes in metabolite levels are the result of a wide variety of regulatory
processes. However, metabolite levels alone may not be sufficient to observe all
changes which lead to the corresponding phenotype (Weindl et al., 2016).
Impairment of one or more steps in a metabolic pathway can change the levels of
affected metabolites by alteration of biochemical reaction rates (Cortassa et al.,
2015).

Table 1.1: List of natural occurring isotope abundances and masses.

(de Hoffmann, 2005)

Isotope Natural abundance [%] Mass [u]
1H 99.985 1.007825
2H 0.015 2.0140
12C 98.90 12.000000
13C 1.10 13.003355
14N 99.63 14.003074
15N 0.37 15.000108
16O 99.76 15.994915
17O 0.04 16.999131
18O 0.20 17.999160

Analytically, to indirectly trace metabolic fluxes isotopes of an atom incorporated
into precursor metabolites. Isotopes are atoms with the same number of protons
but a higher number of neutrons. Metabolites with incorporated isotopes are
called isotopologues and have an identical chemical structure. Isotopomers are a
special case of isotopologues. They have the same isotope included but on
different positions in the metabolite. For example, two molecules of glucose, one
with 13C in the first position and one with 13C in the last position, are
isotopomers. Because their nominal mass is identical, the separation with MS is
not possible. Therefore, isotopes with the same mass are mass isotopomers.
They are referred to as Mi , where i is the nominal mass difference compared to
the metabolite without incorporated isotope. For example, M1 would group all
metabolites with one isotopic substitution, independently of the position in the
metabolite. The relative abundance of all different mass isotopomers of a
molecule is the mass isotopomer distribution (MID) (Weindl et al., 2015).
Naturally, most atoms are mixtures of different isotopes. For example, carbon
atoms are a mixture of 12C and 13C. The natural abundances are 98.9% and 1.1%
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respectively. Table 1.1 contains a partial list of biologically relevant isotopes, their
natural abundance, and their masses. These natural isotopes also appear in the
mass spectrum by their statistical distribution. It is possible to calculate the
probability of naturally occurring mass isotopomers with Equation 1.1. Where n

is the number of isotope bearing atoms (for example, carbon atoms) in the
molecule, and a0 and a1 are the natural abundances of the isotopes, for carbon
a0 = 0.985 and a1 = 0.015 (de Hoffmann, 2005).

p(M0) = an0
p(Mx ) =

(
∏x

i=1
n−i+1

i a1
)
· an−x0

(1.1)

For example, Figure 1.3 shows the natural MID of a metabolite with three carbon
atoms. For in vivo MID determination, an organism of interest can be cultivated
with a substrate in which a heavier isotope replaces one or more atoms. Isotopes
like carbon 13C or nitrogen 15N are the metabolic tracers commonly used in
metabolomics experiments (Wittmann, 2007).
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Figure 1.3: Sample natural mass isotopomer distribution.
Example fragment with three carbon atoms calculated with Equation 1.1 and

natural abundances for carbon isotopes 12C and 13C.

The incorporation of isotopes from the labeled substrate is traceable in all
downstream metabolites. With changes in metabolic fluxes, the MIDs of
metabolites often also change.

1.3.1 Correction for naturally occurring isotopes

The application of stable-isotope labeled substrate to organisms results in a
labeling pattern in metabolites downstream of the tracer. This pattern is the
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result of a mixture of naturally occurring isotopes and artificially incorporated
isotopes (Poskar et al., 2012). In general, the measured MID MIDm is equal to the
product of a correction matrix CM and the corrected MID MIDc . To correct MID
for the natural isotope abundance, the MID is multiplied with the inverse of the
correction matrix CM (Equation 1.3 and Equation 1.2).

MIDc = CM−1 ·MIDm (1.2)

CM =


M0

0 0 ... 0

M0
1 M1

0 ... 0
... ... . . . ...

M0
n M1

n−1 ... Mn
0

 (1.3)

Different methods can be applied to construct the correction matrix. Generally,
the first column of the correction matrix represents the natural MID of the
molecule with n carbon atoms. All other values Ma

b in the matrix are filled
according to the rules from Equation 1.4 (Weindl et al., 2015).

Ma
b =


M0

b , for a = 0∨ b > 1

M0
0 +M1corr , for a > 0∧ b = 0

M0
1 −M1corr , for a > 0∧ b = 1

(1.4)

In targeted approaches, the sum formula for the corresponding fragment ion is
known, and the correction matrix can be constructed from the theoretical
probabilities calculated with Equation 1.1. Where M1corr is the ratio of the
probabilities if the different isotopes. For carbon M1corr = 0.0108 as shown in
Equation 1.5.

M1corr =
p(13C )

p(12C )
=

0.0107

0.0983
= 0.0108 (1.5)

It should be noted that only a correction for the first three mass isotopomers is
necessary because the natural abundance of more than three labeled atoms is
negligible (Poskar et al., 2012). In non-targeted approaches, the sum formula of
the ion fragments is not known. Additionally, the theoretically determined
correction matrix can not account for variations from the GC-MS instrument
(Jennings et al., 2005; Fernandez et al., 1996). In this case, it is possible to use the
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MID of the same metabolite without artificial isotope incorporation. The
correction procedure is the same as previously described. However, the first
column of the correction matrix is replaced with the MID from the unlabeled
metabolite (Equation 1.6). While this method also corrects for variations from
the instrument, additional cultivation with the unlabeled substrate is needed
(Hiller & C. M. Metallo, 2013).

CM =


Mul

0 0 ... 0

Mul
1 M1

0 ... 0
... ... . . . ...

Mul
n M1

n−1 ... Mn
0

 (1.6)

1.3.2 Non-targeted detection of labeled metabolites

Non-targeted approaches screen all metabolites present at the time of extraction.
However, in stable-isotope based flux analysis, only metabolites that originate
from the labeled tracer are of interest (Hiller, C. M. Metallo, et al., 2010; Hiller,
Wegner, et al., 2013).

A B

Figure 1.4: Detection of labeled fragments.
A: The difference spectrum d(x) of the paired labeled and unlabeled spectra is
calculated (blue line). B: With the integrated difference spectrum

∫
d(x) (green

line) labeled fragments can be identified as a peak, whereas non-labeled
fragments remain flat (adapted from Hiller, C. M. Metallo, et al., 2010).

With Nontargeted Tracer Fate Detection (NTFD), Hiller, C. M. Metallo, et al.
established an algorithm that detects labeled metabolites in a non-targeted
manner. As an experimental prerequisite, two experiments have to be performed
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in parallel, one with the labeled substrate and one without any labeling. The
metabolites are then extracted, derivatized, and measured with GC-MS. The
deconvoluted mass spectra of both samples are then paired if they represent the
same metabolite. From the pairs of labeled and unlabeled spectra, the difference
spectrum is calculated, which eliminates non-labeled fragments (Figure 1.4A).
The integration of the difference spectrum creates peaks for every labeled
fragment. Finally, the MID for every fragment can be determined and, using the
unlabeled spectrum, corrected for naturally occurring isotopes (Hiller,
C. M. Metallo, et al., 2010).
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1.4 Methods for Mode of Action identification

1.4.1 Global food demand and crop loss

Recently, the United Nations reported that the world population would rise from
7.7 billion in 2019 to 9.7 billion in 2050 (United Nations, 2019). The growing
global population and longer lifespans also rapidly increase the global demand
for agricultural food products. Analysts believe that the market will increase by
up to 110% from 2005 to 2050 (Tilman et al., 2011). Additionally, the incremental
replacement of fossil fuels by biofuels promotes the demand for agricultural
products. To fulfill the increasing request, it is believed that an increased crop
yield of about 2% per annum is needed (Spiertz et al., 2009).
While this is already a challenging task, environmental factors like climate
change impair global crop yield. Many studies exist that forecast the effects of
climate change on agriculture and food crop yield (Oerke, 1994). Ground ozone
pollution alone as suppressed up to 6-9% of primary food crop yields (Avnery
et al., 2011). Scientists have estimated that recent extreme weather disasters, like
droughts, floods, and extreme temperatures, have further increased crop loss by
approximately 7% in developed countries (Lesk et al., 2016). For a future
perspective, global warming will increase crop loss by 1.8% per decade without
adequate adaption (Lobell et al., 2012).
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Figure 1.5: Global crop loss due to pests.
Mean actual (A) and potential (B) crop loss of major food crops in 2001-2003 in

five major food crops (based on data from Oerke, 2006).

Another factor for the global loss of agricultural crop products is weeds,
pathogens, and animal pests. Weeds and pathogens, like fungi or bacteria, are
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the common pests responsible for crop loss. Up to 10.5% of crops die due to
weeds. Additionally, up to 14.5% of food-plants are lost due to pathogens
(Figure 1.5A) depending on the crop type. However, without crop protection
(mechanical, biological, and chemical), the global crop loss would be even higher
(Figure 1.5B). Therefore, the application of chemicals that protect plants from
pests significantly contributes to control pests and increases crop yield (Oerke &
Dehne, 1997; Oerke, 2006).

1.4.2 Herbicides and fungicides

Herbicides and fungicides are chemical compounds used to eliminate or inhibit
unwanted weeds or fungi, respectively. There are non-selective herbicides to
remove weeds and plants to clear whole areas specifically, but in agriculture,
pesticides have to be selective against unwanted pests and do not harm the
desired crop.
Pesticides, in general, can be categorized in two broad classes: systemic pesticides
are taken up by the plant and distributed through the xylem vessels into other
parts of the plant, whereas non-systemic compounds only act on the plant surface
they were applied to (Mueller, 2006; Kudsk, 2017).
While protective treatment of seeds and crops has been used for several centuries,
the study of biochemical causes of crop diseases led to the first discoveries of the
biochemical reactions that are inhibited from pesticides in the early twentieth
century (Moreland, 1993; Morton et al., 2008). Since then, herbicides with about 20
different classes and fungicides with about twelve different categories have been
discovered (HRAC, 2019; FRAC, 2019).

1.4.3 Mode of actions of pesticides

Aside from the broad classification into systemic and non-systemic categories
for the biological and molecular target of pesticides exist, known as mode of
action (MoA). For herbicides, the Herbicide Resistance Action Committee
(HRAC) and Weed Science Society of America (WSSA) provide slightly different
classification systems (Table A.1), which have been unified into one classification
system recently (Table A.2). Fungicides are classified by the Fungicide Resistance
Action Committee (FRAC) (Table A.3). In general, all classes can be further
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subdivided into sub-classes or chemical groups. However, there are still
herbicides and fungicides listed with unknown MoA.

Figure 1.6: Change in new herbicide discovery after introduction of glyphosate-resistant crops.
After introduction of glyphosate-resistant crops in 1996 patents for new
herbicide MoAs decreased rapidly (circles) and discovery of new active

compounds was reduced (squares) (Duke, 2012).

The discovery of new MoAs has been a challenging task in the last three decades.
Whereas new MoAs for fungicides have still emerged rarely (Hollomon, 2015a),
there have been no new MoA discovered for herbicides for more than 20 years
(Duke, 2012; Morton et al., 2008). The significant factors for the lack of new MoA
are of economic nature. The development of glyphosate-resistant crops leads to
lower use of other herbicides. Additionally, the companies lowered their efforts
in new herbicide research due to the success of glyphosate and
glyphosate-resistant crops, which consequently lead to the reduction of new
herbicide related patents and new active compounds (Figure 1.6; Gianessi, 2008;
Duke, 2012). Also, the number of companies doing MoA research decreased
steadily since the discovery of today known MoAs in the seventies (Appleby,
2005).
In recent years, safety concerns and regulatory requirements came up, which
slowed down research and development of new herbicides or even the loss of
registration for available pesticides. In the last years, a more mechanistically
based understanding of MoAs is needed, because of the demand for risk
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assessment, a decrease in animal testing, and toxicity extrapolation (Kienzler
et al., 2017). Additional to the rising safety-requirements, new MoAs also need to
meet or even outperform the efficacy of existing products to be successful on the
market (Peters et al., 2018). As a consequence, the average research and
development process of new crop protection products increased from 8.3 years to
11.3 years, and development costs increased from $152 million in 1995 to $286
million in 2014 (McDougall, 2016).
However, in the last decades, the expiration of a number of patents leads to a
devaluation of the pesticide marked and broader application of generic
pesticides. This overrepresentation supported an extensive usage of herbicides
and fungicides in agriculture, which increased the selection pressure on pests
and eventually to an increased pesticide resistance for the currently used MoAs
(Hollomon, 2015b; Powles, 2018).

1.4.4 Resistance to herbicides and fungicides
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Figure 1.7: Market value distribution of herbicide MoAs in 2015.
Market value in percent of the most important MoAs and their HRAC and WSSA
classifications. Orange MoAs have significant resistance issues (based on Peters

et al., 2018). AACase = Acetyl-CoA carboxylase; ALS = Acetolactate synthase, EPSPS
= 5-Enolypyruvyl-shikimate-3-phosphate synthase; PSII = Photosystem II.
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The first cases of herbicide and fungicide resistance were reported in the 1950’s
and 1070’s, respectively (Hollomon, 2015b; Peters et al., 2018). Since then, the
number of resistant pests is continuously increasing. For example, in 2015, more
than 50% of the most popular herbicides on the market already suffered from
significant resistance issues. As a consequence, companies joint forces and
formed FRAC and HRAC to identify resistances, collect and distribute resistance
information, provide guidance and advice for proper pest-management, and to
implement collaboration between researchers, companies, government and
pesticide users (Beffa et al., 2019; Hermann et al., 2019)
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Figure 1.8: Annual increase of unique cases and cases of multi-resistant weeds.

A: Number of unique cases of resistant weeds worldwide. B:
Number of weeds with more than one herbicide resistance (based

on data from Heap, 2019).
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In general, pest resistance is an evolutionary process that is promoted by
selection pressure introduced to excessive use of pesticides. Pest resistance can
be subdivided into four different mechanisms: direct alteration of the target site
due to naturally occurring mutations, metabolization of the pesticide into a
non-toxic form, higher gene expression of the affected target, and exclusion or
export of the pesticide (Kretschmer et al., 2009; Beffa et al., 2019; Hermann et al.,
2019).
Worldwide, the number of resistant pests increases rapidly since the eighties
(Figure 1.8A). In parallel, pests also develop multi-drug resistance (Figure 1.8B).
The International Survey of Herbicide Resistant Weeds (Heap, 2019) provides a
magnitude of resources and statistics on herbicide resistance worldwide. The
problem of resistance against pests is alarming worldwide (Figure 1.9), and the
demand for better crop protection and new MoAs is high.

11 164164

Figure 1.9: World map of herbicide resistance.
Number of unique herbicide resistant weeds as of 2019 (Heap, 2019).
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Only a few MoAs of pesticides discovered before the eighties are fully
understood, and some MoAs are still unknown (HRAC, 2019; FRAC, 2019). Today,
several methods exist for the elucidation of the molecular target of an active
compound. The traditional techniques are biochemical and physiological
approaches to find new MoAs. The opposite approach involves the selection of a
potential target site and in vitro screening for suitable compounds. In the last
years, researches have used several “omics” approaches to find new MoAs (Duke
et al., 2013; Duke, 2012).

1.4.5 Metabolomics in Mode of Action research

Today, metabolomics is a widely used tool to detect metabolic changes. Some
fields are toxicology (Vulimiri et al., 2011), biomarker detection (van Ravenzwaay
et al., 2007), drug discovery and development (Kell, 2006), and also MoA
elucidation (Trenkamp et al., 2009). Especially in herbicide development,
metabolic profiling has been used since the early 80s. The typical experimental
concept is to apply a non-lethal dose of a pesticide to an organism and analyze
the extracted metabolites. Methods of choice are metabolic fingerprinting and
metabolic profiling to compare the metabolic profiles with existing profiles of
known MoAs. However, the former only gives an estimate of the similarity, and
the latter is a highly targeted approach. Therefore, both methods are not suitable
to detect completely new MoAs or to identify the actual target of the bioactive
compound on a metabolic pathway level (Aliferis et al., 2011).
Non-targeted metabolomics also has been applied to MoA analysis to identify
bioactive compounds in different organisms and biological contexts (Araníbar
et al., 2001; Bando et al., 2011; Vincent et al., 2016). However, only the analytical
measurement is performed non-targeted, and the final analysis still relies on
compound identification. However, many detected metabolites are still
structurally unidentified, and metabolite levels alone may not be sufficient to
compare different conditions. Additionally, static networks of the underlying
processes are needed to analyze the data, which is not always the case
(Weckwerth et al., 2002).
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1.5 Diabetes mellitus

Diabetes mellitus (DM) is a chronic disease resulting from the dysfunction of the
regulatory systems of glucose metabolism. In type 1 DM patients, the pancreas
does not produce enough insulin to regulate glucose metabolism, which results
in an increase of endogenous glucose production (EGP) due to increased
glycogenolysis (Boden et al., 2003). In type 2 diabetes mellitus (T2DM), human
cells do not normally respond to insulin, and the EGP is increased based on high
gluconeogenesis (GNG) after an overnight fast (Magnusson et al., 1992). Both
types of diabetes lead to an increased blood glucose level.

1.5.1 Diagnosis of type 2 diabetes

One characteristic of T2DM is the increased GNG, and it may take several years
before showing the implications (Poretsky, 2017). The established method to
identify persons with high risk for T2DM is the two hours oral glucose tolerance test
(OGTT), which is both expansive and inconvenient for the patient. Therefore, the
American Diabetes Association has suggested using more straightforward
screening tests to diagnose diabetes (Bartoli et al., 2011). Additionally, previous
studies have shown that other statistical models are superior to the established
OGTT (Stern et al., 2002).

1.5.2 Dried blood spots

For more than ten years, Dried Blood Spots (DBS) are commonly used to
diagnose a variety of inherited metabolic diseases in newborns (Rashed, 2001) or,
more recently, in drug analysis (I. Wilson, 2011). Additionally, DBS has some
essential advantages over fluid blood sampling methods. DBS is non-invasive
because only a small sample size needs to be collected from a finger prick.
Furthermore, there are no special shipments and storage requirements for the
dried samples (Zukunft et al., 2013). Those advantages and the low cost of DBS
methods enable population-based studies in nonclinical settings (McDade et al.,
2007).
DBS has been used for targeted analysis and non-targeted screening in
metabolomics using NMR, GC-MS, and LC-MS (Kong et al., 2011). Many analytes
can be measured from DBS samples including amino acids, lipids, amines,
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hexoses and other small molecules (Lehmann et al., 2013; Zukunft et al., 2013),
however not all metabolites are suitable for DBS analysis using GC-MS (Kong
et al., 2011). While stable isotopes have been used as an internal standard in DBS
analysis (Dénes et al., 2012), there is no evidence that stable isotopes have been
used in conjunction with DBS so far.

1.5.3 Quantification of glucose production and gluconeogenesis

Today, many methods exist to estimate turnover rates of glucose metabolism by
infusion and ingestion of stable isotope-labeled molecules. Administration of
stable isotope-labeled GNG precursors, such as [U-13C]-lactate or [2-13C]-glycerol,
can be used to calculate the GNG rate (Hellerstein et al., 1997). Another method
uses an infusion of [U-13C]glucose and analysis of MID to determine rates for
glucose production (GP) and GNG (Tayek et al., 1997; Tayek et al., 1996). Another
approach for estimating GNG is calculated from deuterium labeling in blood
glucose and urine after the ingestion of deuterated water (D2O) (Landau, Wahren,
Chandramouli, et al., 1995; Landau, 1999). One more method to calculate the rate
of glycogenolysis and GNG is the NMR spectroscopy (Rothman et al., 1991).
However, all these methods are expensive and require large amounts of blood
and labeled compounds. Additionally, the methods are very invasive for the
patients during the experiment. DBS is a cost-effective and non-invasive method
to obtain blood samples. With stable-isotope assisted metabolomics, GC-MS and
mathematical modeling, GP, and GNG can be described for individual patients.
However, algorithms and bioinformatic tools are needed to obtain turnover rates
based on GC-MS data.

1.5.4 Cori cycle

The Cori cycle is a cyclic metabolic pathway, which metabolizes glucose to lactate
during glycolysis. Gluconeogenesis converts then glucose back to lactate.
Glucose is consumed predominantly by the muscles to generate adenosine
triphosphate (ATP). The end-product of glycolysis is pyruvate, which can be
fermented to lactate under hypoxic conditions or during fasting (Katz et al.,
1998). The blood transports lactate to the liver, where gluconeogenesis converts
lactate back to glucose (Figure 1.10). This process converts reduced nicotinamide
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Figure 1.10: Simple representation of the Cori cycle.
Glucose is metabolized in muscle tissue (right) to lactate, which is transported by
the bloodstream to the liver (left). There, lactate is converted back to glucose by

gluconeogenesis, which can then again be transported by the blood to the
muscles.

adenine dinucleotide (NADH) to NAD+. This cofactor is vital for glycolysis and
other enzymatical reactions.
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1.6 Aim of this work

Today, large amounts of biological data are generated in the different -omics fields.
Therefore, bioinformatics has become a cornerstone of modern biology (Leprevost
et al., 2014). Powerful software is needed to store, analyze, and visualize large-scaled
biological data produced in experiments (Ho et al., 2019).
This work aimed to develop, establish, and evaluate computation tools to analyze
metabolomics data for different biological questions.

1.6.1 Mode of Action analysis

The growing global population and crop loss due to climate change, extreme
weather, and pests will be a significant problem for agriculture in the future.
There is an urgent need for new pesticides with completely new MoAs due to
rapidly increasing resistances against established herbicides and fungicides. The
increasing regulatory requirements to bring a new pesticide to the market
increased the time and effort required for research and development.
This part aimed to enhance already established targeted metabolite profiling
methods for MoA identification with the strengths of non-targeted
metabolomics and stable-isotope assisted metabolomics. During the work of my
thesis, I developed a method and software for MoA identification based on
non-targeted detection of labeled metabolites and MID-similarity-based
network construction. I applied this method to discover the MoA of different
herbicides and fungicides. I also demonstrated that my method could be used in
other biological contexts to elucidate different metabolic responses to toxins.

1.6.2 Profiling of Cori cycle fluxes

Diagnosing diabetes in early stages is important for an adequate treatment of
T2DM patients. Established methods to diagnose diabetes and calculate GNG
and GP to study diabetes are not only expansive, but they are also invasive,
time-consuming, and inconvenient for the patients. Therefore, a more
convenient method is needed to motivate people to participate in studies for
population-based analysis of diabetes. DBS, in combination with stable isotope
labeling and GC-MS, might be a powerful tool to study T2DM in patients and
healthy controls.
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This part aimed to evaluate a mathematical model to calculate GP and GNG based
on MID and quantitative metabolomics. During the work of my thesis is evaluated
the mathematical model and developed an algorithm to fit experimental data to
the model efficiently. I assessed the input parameters for their usability in the
mathematical model. Additionally, I validated the reproducibility of the results
in a unique time window of more than two years with samples from the same
person. Finally, I developed the DBSAnalyzer software to analyze and store data
from DBS experiments to enable the analysis of large datasets without specialized
bioinformatics knowledge. I also examined a large cohort of T2DM and non-
diabetics and compared the results to a healthy control group.





2 Materials and methods

2.1 Mode of Action analysis

2.1.1 Experiments

Collaborators from BASF or colleagues in the department carried out the
experiments and provided the GC-MS data in the NetCDF format for data
analysis. Each section will name all responsible contributors to the
corresponding experiments.

2.1.1.1 Herbicide experiments

Ruth Campe from BASF SE, Limburgerhof, Germany, was responsible for all
herbicide experiments.
Before the labeling experiment, L. paucicostata plants were cultivated under
sterile conditions in a defined medium at constant light for one week. The
plants were transferred to 30 mL falcon tubes with a defined medium and
treated with a non-lethal dose of the corresponding herbicide. After one hour of
incubation, 13C labeled carbon dioxide (400 ppm 13CO2) was applied in a
gas-tight Plexiglas-box after absorption of all unlabeled carbon dioxide. The
same procedure was used for the unlabeled experiments but with unlabeled
carbon dioxide. After incubation of two or five hours, the medium was poured
off and the closed falcon tube was frozen in liquid nitrogen. The harvesting
process was performed quickly to limit exposure to unlabeled carbon dioxide.
For every experimental condition, five biological replicates were created.

2.1.1.2 Fungicide experiments

Tobias Mentzel from BASF SE, Limburgerhof, Germany, was responsible for all
fungicide experiments.
Spores of the fungus P. oryzae were cultivated in sterile malt solution for one week
prior to the labeling experiments. 13C labeled or unlabeled glucose, together with
the corresponding fungicide, was added to the pre-cultivated fungi. The fungi
were incubated for two or six hours. After incubation, the fungi were harvested
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and frozen in liquid nitrogen. For every experimental condition, three biological
replicates were created.

2.1.1.3 Clostridioides difficile toxin experiments

All C. difficile experiments and GC-MS measurements were performed by
Jasmin Hanke and Anette Lien in the departments lab.
Human colorectal adenocarcinoma cells (HT-29) were cultivated in 6-well plates
in Dulbecco’s Modified Eagle’s Medium (DMEM) medium with 10% fetal bovine
serum (FBS) and pre-cultivated for 24 hours with uniformly 13C labeled glucose.
After 24 hours, lipopolysaccharide (LPS) was added to trigger the immune
response of the cells. After two hours, the appropriate amount of toxin was
added to the medium and cultivated an additional three hours. The cells were
harvested and frozen in liquid nitrogen. For every experimental condition, three
biological replicates were created.

2.1.1.4 Metabolite extraction and GCMS measurement

From the fungicide and herbicide experiments, polar and non-polar metabolites
were extracted using water, methanol and dichloromethane. The extraction
resulted in separate phases for polar and non-polar metabolites. After
evaporation the non-polar metabolite extracts were trans-esterified with
methanol containing hydrochloric acid and brought to dryness again. Both
phases were subsequently derivatized with methoxyamine hydrochloride (MeOx)
in pyridine and with MSTFA.
From the experiments with C. difficile toxins, only polar metabolites were extracted
using water, methanol, and chloroform for the separation of polar and non-polar
metabolites. All metabolite extracts were derivatized with MSTFA and MeOx.
The GC-MS analysis was performed on Agilent instruments with EI ionization.
The derivatized samples were injected in splitless mode. All mass spectra were
acquired in full scan mode in an m/z range from 70 to 600. Measurements of
herbicide and fungicide experiment samples were performed by Michael Herold
and Peter Driemert from BASF Metabolome Solutions GmbH (former
metanomics GmbH), Berlin, Germany.
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2.1.2 Software

Import of netCDF files, deconvolution, and retention index (RI) calibration of
GC-MS raw data was performed with MetaboliteDetector (Hiller, Hangebrauk,
et al., 2009). Additionally, MetaboliteDetector was used for targeted MID
determination and additional compound identification. For the method
development, Mass Isotopolome Analyzer (MIA) (Weindl et al., 2016) was used for
the detection of labeled metabolites and the creation of a library with detected
metabolites. Algorithms in MIA for label detection are based on NTFD (Hiller,
Wegner, et al., 2013).
Initial data analysis, as well as data visualizations, was performed using the Python
programming language (Van Rossum et al., 1995) using Pandas, Matplotlib, and
NumPy (Millman et al., 2011).

2.1.3 Reference libraries

An extensive library of reference compounds is essential for metabolite
identification (DeHaven et al., 2010). However, some databases only cover specific
metabolites, for example Human Metabolome Database (HMDB)(Wishart et al.,
2018), which only contains compounds related to the human metabolism or
compound libraries, which only include fatty acid methyl esters (FAMEs).
Therefore, I used three different biological reference libraries. Our in-house
curated compound library and the HMDB focus on metabolites associated with
the human metabolism and the Golm Metabolome Database (GMD) (Hummel
et al., 2013) contains biologically active compounds and also includes plant and
fungi metabolites. The HMDB database was converted to MSL format prior
usage. Besides, I used the Standard Reference Database from the National
Institute of Standards and Technology (NIST) in version 11 (P.J. Linstrom and
W.G. Mallard, 2018), which also contains mass spectra of other chemicals
(Table 2.1). The NIST library was only used if the biological databases were not
able to find any matching reference spectrum to identify a metabolite.

The three biological libraries also partially had Kyoto Encyclopedia of Genes and
Genomes (KEGG) ids associated with the spectra. The KEGG id is used to
reference the compound to a biological pathway. Our in-house database
contained 317 different compounds, 132 (41.64%) with associated KEGG id, the
HMDB contained 562 compounds, 438 (77.94%) with KEGG id, and the GMD
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Table 2.1: Reference libraries used for data analysis.

Library # compounds with KEGG id without KEGG id

Inhouse 317 132 185
HMDB 562 438 124
GMD 2102 646 1456
NIST 191200 0 191200

contained 2102 compound spectra, 646 with KEGG id (30.73%). Only 79
compounds with KEGG id were included in all three databases. The in-house
database had 17 unique compound spectra, the HMDB provided 62 unique
compounds, and the GMD contained 254 unique spectra (Figure 2.1).

17

62

10

254

26 287
79

Inhouse

HMDB

GMD

Figure 2.1: Venn diagram of identification libraries used.
Only 79 compounds with KEGG id are contained in all three libraries. Every

library contributes unique spectra to the data analysis.

Altogether, the three biological databases contain spectra for 2981 compounds,
whereas there are 735 unique metabolites with associated KEGG id. Additionally,
the NIST 11 database contains 191,215 spectra of different molecules, which extends
the number of identifiable compounds.
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2.2 Dried blood spot analysis

2.2.1 Experiments

DBS samples have been collected in the Centre Hospitalier Emile Mayrich
(Esch-sur-Alzette, Luxembourg) and the Clinical Research Center (Hanover,
Germany). The donors were asked to fast for at least eight hours and do not take
any diabetic medication in the morning. Sample collection was assisted by an
in-house developed Android application to log patient data (age, gender, and
weight), exact sampling times, and blood glucose from a Bluetooth blood glucose
meter (FORA Diamond MINI, ForaCare, St. Gallen, Switzerland). Samples were
anonymized with Quick Response (QR) encoded KitIds.
DBS extraction and GC-MS measurements were performed by Jean-Pierre Trezzi
(LCSB Luxembourg), Dr. Lisa Schlicker, Martin Zembarty, Stefan Frank, and
Philipp Hörmann in the departments lab.

A

1
3 C

B C

D

GCMS

E
MD

Figure 2.2: Workflow of a DBS experiment.
The experimental procedure starts with the ingestion of 13C labeled glucose

solved in water (A). Blood samples are taken from finger pricks on DBS cards
over a time course of 3 hours (B). After drying, discs of blood are punched out,

metabolites are extracted and prepared for GCMS measurement (C). Samples are
measured with GC-MS in SIM mode (D). After deconvolution and calibration of
mass spectrometry data, mass isotopomer distribution (MID) is calculated using
MetaboliteDetector software and quantification is performed using a measured

calibration mix. Further data processing and modeling is performed using
DBSAnalyzer (E)
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First, 2 g [u-13C]-Glucose was solved in water and administered orally to the
donor (Figure 2.2A). Blood samples were taken as five-finger pricks after 5, 15, 30,
45, 60, 90, 120, and 180 minutes post-ingestion on Whatman protein saver cards
(Figure 2.2B). The Whatman-cards were dried at room temperature for 3 h,
transferred to zip lock foil bags containing a desiccant, and stored at 4 °C until
metabolite extraction. For the calibration, standard solutions of glucose and
lactate were added to the Whatman protein saver cards and prepared as
described for the blood samples. From each card, three spots were selected as
replicates. Two 3 mm discs were punched out from the cards, and metabolites
were extracted with methanol and water with 1 µg/mL [U-13C]-Ribitol. Metabolite
extracts were derivatized with MSTFA and MeOx (Figure 2.2C).

Table 2.2: Selected masses for GC-MS single ion monitoring (SIM) mode.

Metabolite derivate m/z range Sum formula

Lactic acid (2TMS) 219.1 to 225.1 C8H19O3Si2
Glucose (1MeOX 5TMS) 554.3 to 563.3 C21H52NO6Si5
Ribitol ([U-13C]) 220.1, 248.1 and 310.1 C5H12O5

GC-MS analysis was performed on Agilent instruments with EI ionization. The
derivatized samples were injected in split mode (ratio 5:1). The masses shown in
Table 2.2 were acquired in SIM mode (Figure 2.2D). Finally, data analysis was
performed with MetaboliteDetector and the newly developed DBSAnalyzer
software (Figure 2.2E).

2.2.2 Software and reference library

Deconvolution of mass spectra, peak picking, integration, retention time
calibration, and MID determination was performed using MetaboliteDetector
(Hiller, Hangebrauk, et al., 2009). Compounds were identified by retention time
and mass spectrum with an in-house library. Settings for deconvolution and
compound detection are shown in Table 2.3. Intensities were normalized by the
internal standard [U-13C]-Ribitol and calibrated with linear regressions of the
standard-mix of metabolites in different concentrations to obtain absolute
quantification.
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Table 2.3: Deconvolution settings for DBS data analysis with MetaboliteDetector.

Option Value Option Value

Peak height 1 Deconvolution width 7
Peak threshold 1 Baseline adjustment off
Bins/scan 10 Min. peaks per spectrum 1





3 Results and discussion

3.1 Computational identification of metabolic Mode of
Actions

In the course of this thesis, I developed a new and robust algorithmic strategy
to discover the MoA of metabolic inhibitors, such as pharmaceutical compounds
(Section 3.1.1).
I implemented all algorithms in the new C++ based software Mass Isotopomer
Analysis for Mode of action Identification (MIAMI) (Section 3.1.3). MIAMI aims
for easy application to find impaired metabolic pathways. I successfully applied
MIAMI to reveal the MoA of four known fungicides and four known herbicides
(Section 3.1.4). Furthermore, I applied MIAMI to determine the MoA of C. difficile
toxins on human colorectal adenocarcinoma (HT-29) cells in vitro (Section 3.1.5.1).
Additionally, I evaluated the causes of low-quality MID and the effects on the
analysis results (Section 3.1.2).

3.1.1 Algorithm for MoA analysis

A crucial prerequisite for the certification and safe application of new pesticides
is a detailed understanding of the molecular target and MoA. Biochemical and
physiological approaches can not always elucidate the correct MoA, and the
opposite approach to select a target and screen for compounds that inhibit this
reaction involves extensive high-throughput screening. However, there is no
evidence that companies have successfully used high-throughput screening to
discover new MoAs, especially in the case of herbicides (Duke, 2012). In recent
years, “omics” approaches have been used to get a more in-depth insight into
phenotypic response to pesticide application. However, those methods are time
and cost expensive. Additionally, these methods can rarely distinguish between
primary, secondary or tertiary effects (Pallett, 2016; Duke, 2012). Another method
for MoA identification is metabolic profiling (Allen et al., 2004). However, it is
less suitable to find completely new MoAs because it relies on previously
acquired metabolic data and comprehensive knowledge of biochemical
networks.
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Algorithms and software such as NTFD and MIA already enable the non-targeted
detection and limited contextualization of metabolites without extensive a priori
knowledge (Hiller, Wegner, et al., 2013; Hiller, C. M. Metallo, et al., 2010). However,
for MoA identification, a more dynamic view of metabolic fluxes in the context of
biochemical knowledge is of need.
To address these shortcomings, I developed an algorithm tailored explicitly for
metabolic MoA identification. The objective of this approach was to reveal the
metabolic MoA of a collection of herbicides and fungicides, without any a priori
knowledge of these drugs, exclusively based on metabolic flux changes (MID
variations) between treatment and control condition.

Raw data

Data import Deconvolution Calibration Label detection Identification

Library creationTargeted MIDsCSV export

Ion selection MID variability FC sorting Plotting

IdentificationVisualizationContext generationInterpretationHypothesis

MetaboliteDetector MIA

Python script

Manual inspection

Figure 3.1: The algorithm for MoA identification.
MetaboliteDetector (blue) is used for ion chromatographic deconvolution, RI

calibration and MID determination. MIA (green) is used for label detection, first
compound identification and creation of the compound library with labeled

metabolites. The selection of the largest common ion across conditions,
calculation of MID variability and fractional contribution calculation is
implemented as an external Python script (yellow). The final hypothesis

generation is performed by manual inspection (red) of the preprocessed data
including additional identification, context generation, visualization and the

biological interpretation.

Figure 3.1 depicts the strategy of the new algorithm for MoA identification. In
brief, the algorithm involves the following steps:

1. GC-MS data import and preprocessing

2. Non-targeted detection of isotopically enriched metabolites
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3. Targeted profiling for all detected compounds

4. MID determination and ion selection

5. Variability analysis

6. Context generation

7. Target identification

3.1.1.1 Data preprocessing

At first, GC-MS raw data needs to be preprocessed, which includes peak picking,
ion-chromatographic deconvolution, compound detection, and extraction of
pure mass spectra. To normalize for shifts in retention time (RT), the RIs are
determined based on the RTs of n-alkanes, measured together with the samples
(Kováts, 1958). For all data preprocessing steps, I employed algorithms of the
MetaboliteDetector library.

3.1.1.2 Label detection

In the next step, all isotopically labeled metabolites are detected based on the
integrated difference spectra. First, the compounds in the labeled and unlabeled
samples are matched by spectrum similarity and RT (or RI). From the matched
labeled and unlabeled spectra, isotopic enrichment can be detected from the
difference spectrum. The boundaries of the labeled fragment can then be
estimated from the shifted first derivative of the difference spectrum (Figure 3.2;
Weindl et al., 2015). Additionally, the algorithm matches all these labeled
compounds across all samples (replicates and conditions).
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Figure 3.2: The NTFD label detection.
Isotopic enrichment is detected from the difference spectrum (green) and

fragment boundaries from the shifted first derivative (blue curve; Weindl et al.,
2015)

3.1.1.3 Targeted search

A significant challenge of the procedure mentioned above is that the simple
search initially does not detect all labeled compounds because of sensitivity
issues. Therefore, all isotopically labeled metabolites found in all samples are
collected. Within this collection, the algorithm uniquely defines each compound
by its mass spectrum and its RI. Based on these characteristics, the software
performs an additional targeted search focusing on the ion chromatograms and
RIs of the compounds in the collection (Figure 3.3).

Most compounds are found across all samples using the additional targeted
search. For example, a MIA operation using control and fungicide 1 treated
samples after 2 and 6 hours (four conditions in total) revealed in total 95
metabolites. MIA only found 33.7 % of these metabolites in all four conditions
and only 34.7 % in one out of the four conditions. The additional targeted search
found all metabolites in all four conditions (Figure 3.4). However, this additional
targeted search may include ions of limited quality for MIDs determination.
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Figure 3.3: Targeted search overview.
To find additional compounds across all samples, all detected compounds are
added to a compound collection. This collection is used to perform a targeted

search.
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Figure 3.4: Comparison of targeted search and MIA.
Targeted search was able to find all metabolites in all 4 conditions, while in MIA

only 33.7% of the metabolites were found in all 4 conditions.

3.1.1.4 MID determination and ion selection

In the next step, MIDs for all ion fragments are determined and corrected for
the natural 13C abundance using the ion fragment spectra of the corresponding
unlabeled samples.
However, the comparison of MID patterns across conditions is needed.
Therefore, the identical ion needs to be employed in each condition because
different ions can produce different MID patterns if the ion represents a
fragment with an incomplete carbon backbone. In a targeted analysis, the largest
ion or molecular ion is, in most cases, used to ensure that the full molecular
composition is analyzed. The algorithm uses the largest ion found in all
conditions, because the mass of the molecular ion is not known. Therefore, the
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largest ion found in all conditions is used. However, ions with higher mass to
charge ratio tend to lower intensities as compared to other ions and thus may be
of limited quality when detected by the NTFD algorithm. To select the best ion
suited for MID determination, the sum of the mass isotopomers should not
deviate significantly from 1.0. The algorithm uses a tolerance value t is
multiplied by the number of mass isotopomers m of the fragment to exclude ion
an if the deviation from 1.0 larger than this value (Equation 3.1). The default
threshold is t = 0.01, which allows for a deviation of 1% for every carbon atom in
the fragment. ∣∣∣∣∣1− m

∑
i=0

Mi

∣∣∣∣∣ > t ·m (3.1)

3.1.1.5 Variability analysis

The variability analysis is one of the most significant aspects of MoA identification.
Blocked metabolic reactions show different patterns of variability. Therefore, the
change of the unlabeled mass isotopomer (M0) reflects the sum of all differences
of the other masses. Therefore, variability in M0 indicates a general increase or
decrease in labeling.
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Figure 3.5: Schematic examples of different types of changes in MID patterns.
A: Labeling is increasing, M0 is lower in treatment condition and all other

isotopomers increase. B: Labeling decreases, the M0 isotopomer is higher in
treatment condition and all other isotopomers decrease. C: Special MID pattern,

the M0 and M2 isotopomers are higher in treatment condition, only reactions
that create the M1, M3 and M4 are blocked.

However, changes in M0 do not always contain all changes in the other mass
isotopomers. Generally, if the metabolic flux changes, the M0 changes in one
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direction, whereas one or more of the other mass isotopomers change in the
other direction. For example, if the metabolic flux increases, the M0 will be
lowered, and one or more other isotopomers will increase (Figure 3.5A and B).
Remarkable cases are cyclic metabolic pathways, like the tricarboxylic acid (TCA)
cycle, or metabolites that may originate from different precursor metabolites. In
such a case, the MID pattern will be effected differently, which is indicative for
blocks in cyclic pathways or alternative metabolic precursor used for a
metabolite.
My new algorithm takes advantage of two different measures to identify
differences between two conditions. First, the algorithm applies a variability
threshold to identify variability between two conditions. The algorithm only
considers metabolites as effected if M0 exceeds the variability threshold. Second,
my algorithm assesses statistical significance of M0 variation based on Student’s
t-test. Only if the M0 is significantly different (p < 0.05), the algorithm considers
a difference between conditions. The algorithm categorizes the variations in four
different groups: increasing, decreasing, not changing, and not found (for
metabolites, which are only present in one of the compared conditions).

3.1.1.6 Context generation

The next step of the algorithm is to bring the acquired metabolites into a
biological context. For this, the algorithm tries to identify the metabolites. It
compares the mass spectra RIs of the metabolites with a library of reference
mass spectra. Freely available libraries include the HMDB and the GMD. Other
suitable libraries are the NIST library or any in-house library.
Bringing the data into a biochemical context is essential for MoA identification.
For context generation, the algorithm uses several methods: reference pathway
mapping, MID similarity networks based on MIA (Weindl et al., 2016) and the
arrangement in metabolic context. Additionally, manual identification based on
structure similarity is possible. However, the latter method involves knowledge
about the structure of the compound for context generation and can not
automatically be applied.
If no a priori knowledge of the underlying metabolic pathway is available, the
metabolic order of metabolites shows in which order the enzymatic reactions
may have occurred. The tracer is diluted successively during metabolic
distribution, and therefore, higher labeling indicates higher metabolic proximity
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to the labeled tracer. The specifically applied methods for MoA elucidation will
be described in more detail in the corresponding MoA sections.

3.1.1.7 Target identification

The final step is the identification of potential metabolic targets. The
metabolism of an organism is a highly regulated and often redundant system.
Alterations in metabolic fluxes will always trigger multiple effects on the whole
metabolic network. To identify potential MoA using the data described above, I
had to discriminate between primary and secondary effects. Here, biological
knowledge of the altered pathways and previous research is helpful to exclude
false positive targets. The actual identification of the MoA is highly dependent
on the metabolites found, and I will discuss this in the corresponding sections.
Generally, there is a potential target between two metabolites if one of the
metabolites received less enrichment from the applied tracer while in the other
metabolite, the isotopic enrichment is increased in the treated conditions.
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3.1.2 Evaluation of MID quality

During data processing, the algorithm excludes metabolites with low-quality
MIDs before target identification. In this section I will point to the limitations of
this algorithm and discuss reasons and possible solutions for enhancing the
analytical resolution.
The MIDs determined during treatment of L. paucicostata with the herbicide 3-
(3,4-dichlorophenyl)-1,1-dimethylurea (DCMU) are used as an example. DCMU
inhibits the uptake of carbon dioxide, and therefore, one would expect overall
decreased label incorporation when 13CO2 is applied as tracer. However, not all
metabolites were less labeled, and some metabolites were even more isotopically
enriched (Figure 3.6A-C). All those metabolites have in common that they were
present in low quantities, which can limit the analytical resolution during MID
determination.

During non-targeted detection of compounds, the algorithm determines the
borders of the fragment by the integrated difference spectrum. With low
quantities of a metabolite, the background can interfere with the fragment
spectrum, and borders can be incorrectly detected. After DCMU treatment, the
MIDs of glycine (Figure 3.6D) alone suggest a metabolic change from M1 to a
higher isotopomer. However, glycine only contains two carbon atoms, and hence
the M2 mass isotopomer represents the fully carbon labeled molecule. Without
compound identification, the data would suggest a molecule with more carbon
atoms. This result is misleading, and therefore a critical revision of the
automatically determined MIDs is needed by inspecting the mass spectrum of
the corresponding metabolite.

3.1.2.1 Impact of incorrect MIDs on data analysis

The previous section raised the question of the reliability of non-targeted MID
determination. To evaluate the quality of non-targeted MID determination, I
manually verified all detected metabolites of all experiments and classified the
MIDs into valid and non-valid MIDs. Criteria for classification were the general
pattern validity based on the labeled substrate (13CO2 for L. paucicostata and
[u-13C]Glucose for P. oryzae). For example, a metabolite with a high isotopic
enrichment in six carbon atoms is unlikely if the precursor is labeled carbon
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Figure 3.6: Unexpected MIDs of metabolites after DCMU treatment.
A: Lyxose, B: 2-oxoglutarate, C: Glycine and D: Shikimate. Displayed are the

mean of five replicates of controls and DCMU treatments after 2 h and 5 h. Error
bars are the standard error of the mean.
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Figure 3.7: Quantification of metabolites after DCMU treatment.
A: Lyxose, B: Loganin, D: Shikimate and D: Glycine. Displayed are the mean of

five replicates of controls and DCMU treatments after 2 h and 5 h. Error bars are
the standard error of the mean.
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dioxide. The non-valid MIDs were further sub-classified into low quantification if
the intensity was lower compared to a metabolite with valid MIDs and wrong
fragment if the selected fragment showed different MIDs compared to the other
fragments of the compound.
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Figure 3.8: Evaluation of MID quality classification.
Left: Datasets of polar metabolites, Right: Datasets of non-polar metabolites. n =

number of labeled metabolites.

The analysis shows that low metabolite quantities with corresponding low
signals have an impact on MID quality. For metabolites from the polar fraction,
an average of 12.45% ± 7.11% of the metabolites have low MID quality because of
low metabolite levels (Figure 3.8 left). This observation is lower in P. oryzae
datasets than in L. paucicostata datasets. For the non-polar metabolites, the mean
is 18.42% ± 11.56% (Figure 3.8 right). However, Fung1 and Fung2 do not have
low-quality MIDs due to low levels, and without those, the mean would be even
higher (24.56%). In the non-polar fraction, many metabolites with low levels are
metabolites identified as polar metabolites, which may be remainders from the
polar fraction.
Only a few metabolites show bad quality MIDs due to wrong fragment selection
(5.61% in polar, 3.74% in non-polar fraction). This result is excellent because
fragment selection is one of the few exclusion steps during data processing, and
a low value indicates a decent fragment selection. However, this does not include
the fact that the detected fragment may be smaller than the real metabolite or
include additional derivatization groups.
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3.1.3 MIAMI – MoA analysis software

The previously described algorithm is a powerful tool to elucidate metabolic
intervention points for MoA discovery. However, its application involves
switching between different software tools, preventing a straight analysis.
Additionally, the software tools alone were not sufficient to get to a final target
proposal (Section 3.1.1). Especially the limited capabilities for network
visualization, metabolite identification, and the missing incorporation of a
metabolic context rendered data analysis tedious.
To overcome these limitations, I developed MIAMI, a full-fledged data analysis
software, based on the semi-automated MoA identification algorithm described
before. The software aims to provide all tools and functions to facilitate a full
analysis pipeline, starting with raw data from GC-MS measurements and ending
with the final proposal of one or more possible MoAs. MIAMI consists of two
distinct modules, data processing (Section 3.1.3.2) as a command-line tool and
data visualization (Section 3.1.3.3) as a web application. The MIAMI application
combines both modules into one application with a graphical user-interface
(Section 3.1.3.4). Part of MIAMI is the mapping of reference pathways, which
integrates identified metabolites into reference pathways (Section 3.1.3.1).

3.1.3.1 Mapping on reference pathways

{
"nodes": {
"C00022": "Pyruvate",
"C00024": "Acetyl-CoA",
"C00158": "Citrate"

},
"edges": [
["C00022", "C00024"],
["C00024", "C00158"]

]
}

Pyruvate

Acetyl-CoA Citrate

Figure 3.9: Reference pathway example.
The JavaScript object notation (JSON) input on the left would produce the
reference pathway on the right, where pyruvate and citrate are both connected
to acetyl-CoA. Nodes are defined as an key/value pair of KEGG id and metabolite
name, edges are defined as a two value list containing the connected nodes.
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One of the essential tasks in the MoA identification method is data
interpretation. Here, an essential part is the integration of detected metabolites
into the biological context because many detected metabolites are usually
identifiable. However, in datasets with many metabolites, manual integration is
tedious and time-consuming. Therefore, MIAMI introduces the automatic
mapping of metabolites on reference pathways. The prerequisite for the pathway
mapping is that the MS reference spectra come with KEGG ids and additionally
one or more reference pathways in JSON format (Figure 3.9).
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Figure 3.10: Reference pathway mapping.
Detected metabolites (A) with KEGG id (gray boxes) are mapped on the reference
pathway (B). Reference nodes are only connected to the final network (C) if they

are connected through two detected metabolites (black circles). All other
reference nodes will be omitted (light gray circles). Nodes which are not mapped

onto the reference network (white boxes) are attached by MID similarity. The
MID determined edge between d/g (dashed line) can be optionally hidden,

because d and g are connected through the reference pathway.

For every detected metabolite with an associated KEGG id, the algorithm checks
if the KEGG id is present in one of the reference pathways. Then, for all mapped
metabolites (Figure 3.10A), a pairwise pathway search on the reference pathway
(Figure 3.10B) is performed using the breadth-first search (BFS) algorithm, which
finds the shortest path in a network between two given nodes (Skiena, 2012). The
algorithm stores all reference nodes on the path for later inclusion and omits
reference nodes not traversed during BFS. Finally, the visualization combines
reference nodes with experimentally detected metabolites (Figure 3.10C).
In some pathways like the TCA cycle, the MIDs of metabolites are very similar
and, therefore, will all be interconnected even with a low distance threshold.
However, for metabolites on the reference pathway, the metabolic connections
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are known, and the MID based connections are usually not needed anymore.
Therefore, MIAMI offers the possibility to hide MID similarity-based edges if
the metabolites also connect through the reference pathway (dashed edge
between d and g in Figure 3.10). The visualization offers to disable the reference
pathway and edge removal.

3.1.3.2 Data processing
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Figure 3.11: Data processing overview.
Inputs are the preprocessed GC-MS data in MetaboliteDetector, reference

libraries and reference pathways (gray labels). The processed data is exported in
JSON format and contains the MIDs of the selected fragments, quantification,

identification, distance matrix and variability matrices and metadata.
Additionally, the detected metabolites can be exported as reference library.

The MIAMI data processing facilitates all computational intensive GC-MS data
processing steps. The data processing is implemented in C++17 and takes
advantage of the C++ libraries of MetaboliteDetector and NTFD for GC-MS data
processing and label detection. Figure 3.11 provides an overview of the data
processing procedure. All GC-MS data needs to be in MetaboliteDetector format
and have to be deconvoluted and calibrated in advance. Both MetaboliteDetector
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and the MIAMI application are suitable for the pre-processing of raw GC-MS
data (Section 3.1.3.4).

Table 3.1: Most important options and their purpose for the MIAMI data processing.
The prefix labid_ indicates options for label detection, reference_ options for

reference pathways and miami_ for the MIAMI data processing.
json key Purpose

libraries List of files with libraries for compound identification
library_nist Path to NIST compound library
identification_cutoff Minimum score for compound identification
reference_files List of files with reference pathways
labid_dev_abs_sum Absolute MID deviation from 1.0
miami_distance_method Method for distance calculation
miami_distance_norm Method for distance normalization
miami_error_per_isotopomer Allowed error per mass isotopomer for ion selection
tracer The atom used as tracer for the experiment

The configuration for MIAMI needs to be in JSON format. This configuration
contains the path to GC-MS data files (labeled and unlabeled experiments) in
MetaboliteDetector format, as well as the path to all reference libraries and
reference pathways for every experimental condition. Table 3.1 lists the essential
options and their purpose, and Appendix A.4 lists all available options. The data
processing starts with the NTFD isotopic label detection in all files. MIAMI
deposits all detected metabolites internally along with their corresponding
unlabeled spectrum in a compound library. Using the different reference
libraries, MIAMI tries to identify each metabolite. MIAMI only stores the
identification with the highest score. The only exception is the NIST
identification, which MIAMI only performs if the other libraries do not contain
any matching reference spectrum.
The library composed of all detected labeled metabolites is then used to quantify
intensities and enrichment of all metabolites in all datasets in a targeted
manner. Next, for every metabolite, the MIDs are determined, and the largest
common ion across the different conditions is selected. MIAMI calculates the
distances between all metabolites based on MID similarity, and finally, the
variability between all different conditions is calculated based on the M0

isotopomer difference.
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MIAMI maps all identified metabolites onto reference pathways based on
KEGG ids stored in the reference libraries. Metabolites from the reference
pathway are then added to the experimentally detected metabolites. A detailed
description of the mapping process is described in Section 3.1.3.1. For all added
metabolites from the reference pathway, MIAMI performs an additional targeted
MID determination and quantification if reference spectra have been deposited
in the reference library. It is worth to note that the program does not calculate
distances or variability for metabolites from the reference pathway.
All generated data is exported in JSON format and can be further processed or
visualized. MIAMI stores metabolites as nodes with their corresponding MIDs,
variability matrix, and metadata like RT, RI, metabolite name from identification,
the reference library, identification score, selected ion, and KEGG id. The distance
matrix is a list of edges for every metabolite pair and every experimental condition
with the corresponding distance. Node and edge data are attached to the input
configuration for visualization in the web application.

3.1.3.3 Data visualization

One of the main limitations of MIA is the rigid and computational intensive
network visualization using Graphviz. Every change to the graph options (like
distance threshold or layout engine) resulted in a network reconstruction, which
could take up to several minutes. Additionally, the new layout of the nodes made
it impossible to track changes in the network or track the changes for specific
metabolites if the configuration changes.
MIAMI’s visualization is a web application implemented with HTML5, CSS,
JavaScript, and the D3.js (Data Driven Documents) framework (Bostock et al.,
2011). D3 creates a force-directed graph from metabolite nodes and edges. Forces
of attraction (nodes with edges) and forces of repulsion (between all nodes)
counteract to lay out the nodes dynamically. This method makes the
visualization highly dynamic, interactive, and faster than the Graphviz layout
algorithms.

The MIAMI web application takes the results of the data processing in JSON
format as input. Every experimental condition is labeled by color, which is used
for edge color and in data visualization plots. The metabolite nodes display the
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Table 3.2: Options of the MIAMI web application graphical user interface.

Label Purpose

Distance cutoff MID based distance threshold for edge visibility
Variability experiments Experiments for variability visualization
Variability cutoff Minimum variability to visualize changes
Show single nodes Show nodes without connections?
Show targets Show target indicators (X) on edges?
Edges over nodes Draw the edges over/under nodes
Show arrows Show edge directions based on fractional contribution (FC)
Show reference nodes Shows/hides reference nodes
Remove edges Remove redundant edges if reference is given?
Node label Choose Name, RT (min or s) or RI as node label

name, RT, or RI as their label. Edges between nodes are displayed if the distance
is smaller or equal than the selected distance threshold.
There are two possible ways to interact with the layout. First, the user can drag
nodes around, which also locks their position. Additionally, a right-click hides a
metabolite temporarily. The second way to manipulate the graph is through the
graphical user interface. Here, the interface offers several options to change the
properties of the network (Table 3.2).
The color of the node represents the type of difference between the two
experiments. Red color indicates decreased isotopic enrichment. Metabolites
with higher isotopic enrichment are green. Furthermore, yellow indicates the
special isotopic pattern, like a break in a cyclic pathway or usage of an alternative
pathway, as described in Section 3.1.1.5. Nodes with differences lower than the
selected variability threshold are gray. While the color is only an indicator for the
difference of labeling, there are also indicators for statistical significance
(Student’s t-test) displayed as stars (*: p<0.05; **: p<0.005) attached to the node.
A click on the nodes opens a metabolite information panel, which presents all
available metadata from the data processing, as well as plots for MIDs and
quantification. The user can export these plots in scalable vector graphics (SVG)
format.

The web visualization features the proposal of potential targets based on the
selected options. An edge is considered as a metabolic target if the labeling trend
(increasing/decreasing) of the connected nodes is different in the treated
condition as compared to the control. For example, an edge connecting a node
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Figure 3.12: Target proposal of the MIAMI network visualization.
An edge is considered as a metabolic target if the connected nodes have a

different variability trend. For example the edges B/C, C/D and C/F would be
considered as an potential target. The edges A/B D/E and E/F would not be

considered, because they have the same trend.

with increasing labeling and a node with decreasing labeling is a potential target.
In contrast, an edge connecting two nodes with decreasing labeling (compared to
control) is not a potential target (Figure 3.12). Potential target edges are drawn as
a dashed line and additionally marked with a red cross. It is important to note
that the proposed targets have to be evaluated by the user because other factors
may disqualify the edge as a target. For example, statistical significance of
changes are not taken into consideration for MoA detection, but can help to
further decide if a proposed target is rejected. Additionally, the user needs to
manually evaluate the MID quality of the nodes to avoid false-positives.
The visualization provides some additional features, like highlighting of the
path between two metabolites (if there is a path on the currently laid out
network). By default, all displayed edges are undirected. MIAMI can visualize the
metabolic order with arrows, pointing from nodes with higher enrichment to
nodes with lower enrichment. The export of the network graph and MID and
quantification plots is possible in SVG format. The export of proposed targets
and nodes is possible in comma separated values (CSV) format.

3.1.3.4 MIAMI application development

The MIAMI data processing and visualization are suitable to perform MoA
analysis based on previously deconvoluted and RI-calibrated MetaboliteDetector
files, which is an additional pre-processing step. Furthermore, manually
implementing configuration files and using tools in the command line is not
always the most straightforward procedure to follow. Accordingly, the MIAMI
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application combines the MIAMI data processing and visualization into a
complete application with a graphical user interface (Figure 3.13).

Figure 3.13: The graphical user interface of the MIAMI application.
The application all options for data processing and visualization (left side tabs),
the interactive network visualization (center panel) and lists of metabolites and

targets (right side tabs).

I implemented the MIAMI application in C++17 and Qt5 for the graphical user
interface (GUI), which combines the full analysis of raw GC-MS data (in NetCdf
format) to the final target identification within a user-friendly GUI. The main
window contains the essential features and controls of the program. MIAMI
integrates all options seamlessly into the user interface, and the
web-visualization provides only the metabolic network graph itself. There is also
two-way communication between GUI and web-visualization. The GUI channels
all options to the web-visualization, and the GUI fetches the response to trigger
events in the application. All side panels can be detached or closed to maximize
network visualization space.

In addition to the core features of data processing and visualization, the MIAMI
application provides several tools for raw GC-MS data pre-processing. MIAMI
offers the import of raw GC-MS data from the NetCDF format. The import tool
converts the data into the MetaboliteDetector format (Figure 3.14A). Additionally,
the import tool also performs the ion chromatographic deconvolution of
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Figure 3.14: Additional tools of the MIAMI application.
A: Experiment configuration for the MIAMI data processing. B: Import and

deconvolution of raw GC-MS data in netCdf format. C: RI calibration using a
measured compound mix.

chromatograms. The application can also perform the RI calibration. The
calibration tool provides an interface to load a reference library, select
calibration compounds, load the measurement with the compound mix, and a
plot to check the assignment of the spectra to the detected compound peaks
(Figure 3.14B). The data import and deconvolution, as well as the RI calibration,
were implemented using the MetaboliteDetector library. Finally, the experiment
panel offers the configuration of the MoA analysis pipeline (Figure 3.14C).

3.1.3.5 Availability

All parts of the MIAMI program are licensed under the General Public License
version 3, the source code is freely available on GitLab1. The MIAMI data

1http://gitlab.com/miamisuite

https://gitlab.com/miamisuite
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processing and MIAMI application are also available as pre-compiled Linux
binaries. In addition, the MIAMI visualization engine can be downloaded and
used as a standalone web viewer to visualize result data from a MIAMI analysis.
Binaries are available on the MIAMI website2. The modular architecture of
MIAMI allows the implementation of a fully cloud-based web service by adding
an HTML configuration interface and a backend that executes the data
processing as a command-line script.

2http://miami.tu-bs.de

http://miami.tu-bs.de
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3.1.4 Mode of action identification

To evaluate the MIAMI algorithm for MoA identification, our collaborators from
BASF provided GC-MS measurements of polar and non-polar metabolites
extracted from P. oryzae treated with four different fungicides (Table 3.3) and
L. paucicostata treated with four different herbicides (Table 3.4). The data was
provided and analyzed as a blinded study without any a priori knowledge of
neither the applied compounds nor their MoA. BASF revealed the real MoA after
the proposal of targets.

Table 3.3: List of analyzed fungicides.

Name Fungicide Mode of action

Fung1 Fenpropidin sterol-Δ8/7-isomerase inhibitor
Fung2 Epoxiconazole lanosterol 14α-demethylase inhibitor
Fung3 Fludioxonil osmotic signal transduction inhibitor
Fung5 Fluxapyroxad succinate dehydrogenase inhibitor

Table 3.4: List of analyzed herbicides.

Name Herbicide Mode of action

Herb1 Cinmethylin different MoAs proposed
Herb2 Saflufenacil protoporphyrinogen IX oxidase inhibitor
Herb3 Diuron photosystem II inhibitor
Herb4 Imazapyr acetolactate synthase inhibitor

In the next sections, I will discuss if the MIAMI method was able to detect the
MoAs of the fungicides and herbicides using the method described before.
Additionally, I will discuss the analysis results in regard to the literature for the
known MoAs and evaluate the potential capabilities of MIAMI.

3.1.4.1 Succinate dehydrogenase inhibitor

Succinate dehydrogenase (SDH) inhibitors are well-known fungicides.
Companies developed several of these inhibitors since the 1960s (Glättli et al.,
2011). Inhibitors of this class bind competitively to the ubiquinone reduction site
of complex II of the mitochondrial respiratory chain. This block inhibits the
reduction of ubiquinone to ubiquinol. Also, the oxidation of succinate to
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fumarate is inhibited (Glättli et al., 2011). Fumarate and succinate are part of the
TCA, which produces the essential cofactors ATP and NADH.
Fluxapyroxad is the SDH inhibitor used in the context of this MoA experiment
and has a broad control spectrum for pathogens from the classes of Ascomycetes,
Basidiomycetes, and Deuteromycetes. This broad-spectrum is useful for the
protection of grapes, fruits, vegetables, or cereals (Semar et al., 2011).

The MIDs of the central carbon metabolites showed a general decrease of
labeling after treatment with fluxapyroxad, except for alanine, lactate, and
succinate (Figure 3.15). Interestingly, the MID pattern of succinate differed from
the patterns obtained for alanine and lactate. Alanine and lactate M3

isotopomers were increased about five percent after two hours of treatment and
then rapidly decreased after six hours of fluxapyroxad administration
(Figure 3.16). There may be a short term metabolic effect that tries to compensate
for the effect of fungicide treatment. In contrast, in succinate, the total
enrichment was decreased at both time points. However, the M2 mass
isotopomer was also increased (Figure 3.17A). The cycling flux in the TCA cycle
explains that in metabolites downstream of SDH, like malate (Figure 3.17B), the
decrease in labeling was higher compared to metabolites upstream of SDH, like
glutamate (Figure 3.17C). This break in the TCA cycle supports the hypothesis of
SDH as MoA. Malate and aspartate are directly effected after SDH inhibition,
whereas the decrease in the labeling of glutamate and other detected metabolites
represents a secondary effect.

The MIDs are per the expectations for a break in the TCA cycle.
[u-13C] acetyl-coenzyme A (CoA) from glycolysis enters the TCA cycle. There it
condensates with unlabeled oxaloacetate to [13C2] citrate. After one round of the
TCA cycle, two times labeled citrate can again condense with labeled acetyl-CoA
to four times labeled citrate. Here, two different labeling patterns are possible,
leading to either three times labeled or four times labeled 2-oxoglutarate from
isocitrate decarboxylation (McDonald et al., 2017). The results suggest that the
first turn of the TCA cycle performed well until inhibition of SDH occured after
Fluxapyroxad treatment. Successive turns of the TCA cycle through SDH were
blocked and resulted in accumulation of M2 succinate and decrease of other
mass isotopomers.
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Figure 3.15: MIAMI network of polar metabolites from fluxapyroxad treatment.
Non-targeted metabolites are represented as solid boxes, light gray dashed boxes

represent metabolites from the reference pathway. The colors indicate
increasing (green), decreasing (red) M0, unchanged (gray) or special patterns

(yellow). Red X marks proposed targets, gray X marks targets which have been
moved to a reference edge. Asterisks denote the statistical significance (Student’s
t-test) between M0 of Control after 6h vs. fluxapyroxad treatment after 6h (*: p <

0.05 and **: p < 0.005).

In the non-polar metabolites, MIDs were generally decreasing after the
application of the fungicide. Notably, the labeling of some saturated and
unsaturated fatty acids decreased. This decrease is not surprising because the
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Figure 3.16: MIDs of alanine (A) and lactate (B) after 2 h and 6 h of fluxapyroxad treatment.
Displayed are the mean of three replicates of controls and fluxapyroxad

treatments after 2 h and 5 h. Error bars are the standard error of the mean.

carboxylation of acetyl-CoA to malonyl-CoA is an ATP dependent reaction.
Additionally, the desaturation of fatty acids is NADH dependent. The availability
for both cofactors is limited when the TCA cycle flux is blocked, and therefore,
this decrease is only a secondary effect.
In summary, the evidence is clear that the inhibition of SDH is the MoA.
Succinate shows the unique pattern of inhibition in the TCA cycle. Together
with the different effects on metabolites downstream and upstream of succinate,
SDH is the target of this fungicide.
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Figure 3.17: MIDs of metabolites upstream and downstream of SDH after 2 h and 6 h of
fluxpyraxad treatment.
A: succinate, B: malate, C: glutamate, aspartate. Displayed are the mean of three
replicates of controls and fluxapyroxad treatments after 2 h and 6 h. Error bars

are the standard error of the mean.
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3.1.4.2 Ergosterol biosynthesis inhibitors

Anti-fungal agents that inhibit ergosterol biosynthesis are well known for more
than 40 years. Those fungicides predominantly target one of the steps after
squalene formation because the pre-squalene reactions are the same in fungi,
animals, and plants, thereby selectivity for fungi is not given (Mercer, 1991).
Biosynthesis of ergosterol in fungi is a complex pathway involving about 20
enzymes (Fryberg et al., 1973; Da Silva Ferreira et al., 2005). The first inhibitor
used here is epoxiconazole, which inhibits the demethylation of lanosterol. The
second inhibitor blocks the isomerization of the Δ8-double bond from
fecosterol to episterol.

Table 3.5: Identification of metabolites in ergosterol biosynthesis inhibitors.
Identification based on the GMD for metabolites with the given RT/RI.

RI RT [Min] GMD

3069.01 21.6 Ergosterol (1TMS) or Fucosterol (1TMS)
3278.42 22.89 Ergosterol (1TMS) or Fucosterol (1TMS)
3309.22 23.08 Ergosterol (1TMS)

3441.01 23.85 Fucosterol (1TMS)
3506.08 24.22 Stigmasterol (1TMS)
3569.35 24.56 Stigmasterol (1TMS)

Both fungicides operate in the same pathway. While in both fungicide
experiments, polar metabolites were not significantly affected, some non-polar
metabolites were significantly changed. While metabolite identification was not
possible with our in-house reference library, GMD, HMDB, and NIST databases
could be successfully applied for compound identification. Most of the
metabolites were compounds similar to sterols. However, the identification was
not consistent across the three databases. Complete MID-similarity-based
network construction was not successful because of insufficient enrichment.
Nevertheless, six different metabolites were selected based on their variability and
their identification. Table 3.5 provides an example of the identification using the
GMD of these six metabolites. Appendix A.5 contains the full identification results
with HMDB and NIST.
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Interestingly, two metabolites (RI 3569.35 and RI 3442.45) were only found in
datasets with epoxiconazole treatment and were completely absent in control
datasets or with fenpropidin treatment. This significant difference indicates
different MoAs for fenpropidin and epoxiconazole. Because the network
construction based on MID similarity did not connect the selected metabolites,
the metabolic order was estimated based on the mean FC of all three conditions
(control, fenpropidin and epoxiconazole) after two hours of treatment. For the
absent metabolites, values from the control condition were used for mean FC
calculation (Table 3.6).

Table 3.6: Sorting of selected sterol-like metabolites in epoxiconazole and fenpropidin.
Metabolites were sorted based on their average FC after two hours of treatment.

Ctrl = no treatment, Fung1 = fenpropidin and Fung2 = epoxiconazole.
RI FC Ctrl FC Fung1 FC Fung2 mean(FC)

3506.08 0.02 0.07 0.06 0.05
3569.35 0 0 0.11 0.037
3441.01 0 0 0.1 0.033
3069.01 0.02 0.03 0.03 0.027
3309.22 0.04 0.02 0.01 0.023
3278.42 0 0 0 0

The enrichment of the sorted sterol-like metabolites suggests the MoA for
fenpropidin directly after the metabolite with RI 3506.08 because RI 3506.08 and
RI 3069.01 show different trends in variability (Figure 3.18). For epoxiconazole,
the location of the MoA is before RI 3069.01 (Figure 3.20A). However, this
hypothesis assumes that the metabolites with RI 3569.35 and RI 3441.01 are
completely unlabeled (Figure 3.19). Nevertheless, this does not consider the fact
that these metabolites were not detectable with the targeted search in either
control or epoxiconazole.

In the alternative hypothesis, the MoA of fenpropidin is before RI 3069.01 and
the MoA of epoxiconazole is after RI 3506.08. The hypothesis incorporates one or
more hypothetical metabolites not measured between RI 3506.06 and RI 3069.01.
Additionally, RI 3569.35 and RI 3441.01 are only unspecific side products
(Figure 3.20B). Previous studies have shown that the steps in ergosterol
biosynthesis are not strictly linear because the enzymes involved do not have
absolute substrate specificity (Mercer, 1984; Müller et al., 2017). In Candida
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albincans, Sanglard et al. have shown that mutations in erg11, the gene coding for
lanosterol 14α-demethylase, results in the formation of other 14α-methylated
sterols. Additionally, Thomson et al. could show that lanosterol levels are below
GC-MS detection limits in Acanthamoeba castellanii without treatment and only
detectable after inhibition of 14α-demethylase. Therefore, the latter hypothesis
fits better into the biological context.
The presented analysis proposes two distinct MoAs located in the ergosterol
biosynthesis pathway. However, elucidation of the exact reactions was not
possible. Due to the high structural similarity of intermediates in the ergosterol
biosynthesis pathway, the identification results are only rough estimates rather
than a confident identification. The relative composition of different ergosterol
biosynthesis intermediates from GC-MS is rather small compared to the
end-product of the pathway (Alcazar-Fuoli et al., 2008). Additionally, the labeling
of the metabolites was very low, which may result in missing metabolites.
However, concerning these analytical limitations, the results would provide a
promising direction for further experimental validation.
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Figure 3.18: MIDs of sterol-like metabolites after 2 h and 6 h of fenpropidin treatment.
The plots are ordered by the mean FC of all three conditions. Metabolites with

RI 3569.35 and RI 3441.01 were not detectable in control or fenpropidin
conditions. Displayed are the mean of three replicates of controls and

fenpropidin treatments after 2 h and 6 h. Error bars are the standard error of the
mean.
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Figure 3.19: MIDs of sterol-like metabolites after 2 h and 6 h of epoxiconazole treatment.
The plots are ordered by the mean FC of all three conditions. Metabolites with

RI 3569.35 and RI 3441.01 were not detectable in control condition. Displayed are
the mean of three replicates of controls and epixiconazole treatments after 2 h

and 6 h. Error bars are the standard error of the mean.
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Figure 3.20: Hypothesized MoAs for fenpropidin and epoxiconazole.
A: Hypothesis of a linear pathway. B: Hypothesis of a branched pathway with side
products.
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3.1.4.3 Osmotic signal transduction inhibitor

Fludioxonil is a non-systemic fungicide, which acts on group III histidine
kinases (HHKs). The fungicide application results in hyperactivation of the
high-osmolarity glycerol (HOG) pathway and osmotic stress response (Fujimura
et al., 2003; Jacob et al., 2015). However, despite extensive study and increasing
knowledge of effects on signal transduction, a molecular target or MoA is still
not known (Brandhorst et al., 2019).
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Figure 3.21: MIDs of polar metabolites after fludioxonil treatment.
(A) Glycerol and (B) α-D-glucopyranosyl-(1,6)-D-glucitol. Displayed are the mean
of three replicates of controls and fludioxonil treatments after 2 h and 6 h. Error

bars are the standard error of the mean.

There was a general decrease in isotopic enrichment in non-polar metabolites,
for example, fatty acids. The polar metabolites showed a similar trend
(Figure 3.22). However, some metabolites showed an increase in isotopic
enrichment after 6 hours of fludioxonil treatment. The only metabolites with
significant difference in labeling were glycerol (p = 0.002, Figure 3.21A) and
α-D-glucopyranosyl-(1,6)-D-glucitol (p = 0.024, Figure 3.21B). Glycerol is well
known to accumulate as a result of osmotic stress (Fujimura et al., 2003). There is
no evidence that α-D-glucopyranosyl-(1,6)-D-glucitol is related to the osmotic
stress response. However, the chemical structure is similar to trehalose, which is
also known to act as an osmoprotectant in fungi (Duran et al., 2010). Here,
further investigations would be needed to verify the identification.

In this experiment, MIAMI was not able to propose any metabolic MoA for
treatment with fludioxonil. However, fludioxonil is not yet known to induce any
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Figure 3.22: MIAMI network of polar metabolites from fludioxonil treatment.
Non-targeted metabolites are represented as solid boxes, light gray dashed boxes

represent metabolites from the reference pathway. The colors indicate
increasing (green), decreasing (red) M0, unchanged (gray) or special patterns

(yellow). Red X marks proposed targets, gray X marks targets which have been
moved to a reference edge. Asterisks denote the statistical significance (Student’s

t-test) between M0 of Control after 6h vs. fludioxonil treatment after 6h (*: p <
0.05 and **: p < 0.005).

metabolic target. Nevertheless, there is some effect on two metabolites after
fludioxonil treatment, glycerol, and a metabolite similar to trehalose. The
former is known for the response to osmotic stress, and the latter is known for
osmoprotective abilities.
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3.1.4.4 Cinmethylin, fatty acid thioesterase inhibitor

Cinmethylin is a herbicide of the cineole family designed for the usage on plants
in aquatic systems like rice. The MoA of cinmethylin has been listed as unknown
in the HRAC classification since the late eighties.
However, researches have proposed several other MoAs since the discovery as a
herbicide. In 1986, El-Deek et al. showed that cinmethylin inhibits root growth
due to inhibition of mitotic entry. However, the cause of mitotic arrest was still
not known. Later, researchers identified the tyrosine aminotransferase (TAT) as
the metabolic target, which catalyzes the reaction from tyrosine to
4-hydroxyphenylpyruvate (4-HPP). This enzymatic reaction is essential for the
biosynthesis of tocopherol and plastoquinones. The latter is an essential cofactor
for the phytoene desaturase in carotenoid biosynthesis (Jones, 1990; Grossmann,
Hutzler, et al., 2012). Carotenoids protect the photosystem against
photooxidation, and tocopherols act as antioxidants in chloroplasts. Deficiency
in these metabolites leads to disturbed functionality and biosynthesis of
chloroplasts (DellaPenna et al., 2006; Grossmann, Hutzler, et al., 2012). Recently,
Campe et al. proposed another MoA. In their publication, they showed that not
TAT, but fatty acid thioesterase (FAT), is the target of cinmethylin (Campe et al.,
2018). More recently, cinmethylin was classified into the new WSSA group 30
(legacy HRAC group Q) of FAT inhibitors (HRAC, 2020).

The analysis showed mainly increasing enrichment in polar metabolites after 6
hours of cinmethylin treatment. Predominantly sugars, TCA intermediates, and
amino acids were affected by herbicide treatment (Figure 3.24). However, the M0

difference in TCA intermediates was rather small (about 2 – 4%), while changes
were more significant (up to 11%) in sugars. The increase of carbohydrates is the
result of cell cycle arrest in the marine diatom Phaeodactylum tricornutum (Kim
et al., 2017). This finding supports the hypothesis of El-Deek et al. The detection
of tyrosine was not possible in the dataset. However, dopamine (Figure 3.23A), a
metabolite downstream of tyrosine, was detected in the dataset. One would
expect that tyrosine and related metabolites show increased isotopic enrichment
if TAT activity is blocked. Shikimic acid, the precursor of tyrosine, actually
showed slightly decreased labeling (< 3%). Two metabolites showed a significant
decrease in labeling, whereas glycolic acid showed the most substantial decrease
(12%, p = 0.001), and secologanin showed a smaller decrease (6%, p < 0.001). Both
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Figure 3.23: MIDs of polar metabolites after cinmethylin treatment.
A: Dopamine, B: shikimate, C: glycolic acid and D: secologlanin. Displayed are

controls and cinmethylin treatments after 2 h and 5 h. Displayed are the mean of
five replicates of controls and cinmethylin treatments after 2 h and 5 h. Error

bars are the standard error of the mean.
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Figure 3.24: MIAMI network of polar metabolites from cinmethylin treatment.
Non-targeted metabolites are represented as solid boxes, light gray dashed boxes

represent metabolites from the reference pathway. The colors indicate
increasing (green), decreasing (red) M0, unchanged (gray) or special patterns

(yellow). Red X marks proposed targets, gray X marks targets which have been
moved to a reference edge. Asterisks denote the statistical significance (Student’s
t-test) between M0 of Control after 6h vs. cinmethylin treatment after 6h (*: p <

0.05 and **: p < 0.005).

metabolites are not associated with the MoAs proposed before. However,
secologanin and dopamine are metabolized together in alkaloid biosynthesis in
plants (Nagakura et al., 1978). However, there is no evidence that a decrease in
secologanin production harms plant viability.
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Figure 3.25: MIDs of non-polar metabolites after cinmethylin treatment.
A: Linoleic acid, B: Hexadecanoic acid and C: Unidentified metabolite (RI

1265.91). Displayed are the mean of five replicates of controls and cinmethylin
treatments after 2 h and 5 h. Error bars are the standard error of the mean.
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The non-polar metabolites indicate that the MoA is related to fatty acid
biosynthesis. Only a few metabolites from the non-polar fraction were labeled,
and only three metabolites showed differences between control and cinmethylin
treatment. Linoleic acid showed a significant decrease (12%, p < 0.001,
Figure 3.25A) in M0. Interestingly, hexadecanoic acid was also found in the
dataset but shows no significant change after herbicide treatment (Figure 3.25B).
This finding is following the results of Campe et al. that the molecular target of
cinmethylin is the FAT. However, more labeling would be beneficial for better
resolution of the fatty acid biosynthesis pathway. Additionally, an unidentified
metabolite with RI 1265.91 has significantly increased labeling (14%, p < 0.001,
Figure 3.25C), which might be an interesting metabolite for further
investigations.
In summary, the results support the recent results of Campe et al. that
cinmethylin inhibits the FAT, and the previously described cell cycle arrest is a
secondary effect (Kwok et al., 2005). The analysis results gives no evidence for
inhibition of TAT. Notably, the changes in dopamine and shikimate indicate that
there is no inhibition downstream of tyrosine. However, higher isotopic
enrichment would be beneficial for a better resolution of changes in the related
metabolic pathways.

3.1.4.5 Protoporphyrinogen IX oxidase inhibitor

Saflufenacil is a herbicide of the pyrimidinedione chemical class for weed
control in multiple plants, including corn. Saflufenacil inhibits the
protoporphyrinogen IX oxidase (PPO). This reaction catalyzes the last step in
tetrapyrrole biosynthesis before the separation of the pathway to chlorophyll and
heme (Grossmann, Niggeweg, et al., 2010). In plants, the tetrapyrrole biosynthesis
occurs in the chloroplasts and mitochondria. It starts from glutamic acid via
glutamyl-tRNA and glutamate-1-semialdehyde to 5-aminolevulinic acid and
multiple other steps before branching of the metabolic pathway to heme and
chlorophyll biosynthesis (Eckhardt et al., 2004).

Analysis of the polar and non-polar metabolites revealed no specific MoA. In
polar metabolites, there was an increase of isotopic enrichment in sugars, TCA
intermediates, and amino acids. Glutamic acid (Figure 3.27B), which is the
precursor of the affected pathway, showed no different effect than other
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Figure 3.26: MIAMI network of polar metabolites from saflufenacil treatment.
Non-targeted metabolites are represented as solid boxes, light gray dashed boxes

represent metabolites from the reference pathway. The colors indicate
increasing (green), decreasing (red) M0, unchanged (gray) or special patterns

(yellow). Red X marks proposed targets, gray X marks targets which have been
moved to a reference edge. Asterisks denote the statistical significance (Student’s

t-test) between M0 of Control after 6h vs. saflufenacil treatment after 6h (*: p <
0.05 and **: p < 0.005).

metabolites in the central carbon metabolism. The only exception is
phenylalanine, which showed decreased isotopic enrichment (4%, p = 0.003,
Figure 3.27B) after five hours of treatment. In the non-polar fraction, only for two
metabolites isotopic enrichment was significantly decreased. In cembrene, a
metabolite downstream of isopentenyl, the isotopic enrichment was lower (3%,
p<0.001, Figure 3.27C) after five hours of herbicide treatment. However, there is
no evidence that cembrene has a role in plant viability. Tetracosanoic acid was
also decreased significantly, with a change of 10% (p=0.002, Figure 3.27D). As
other fatty acids, like hexadecanoic acid and stearic acid, were not affected by
herbicide treatment, this may not be a metabolic effect.
In this case, MIAMI was not able to propose any specific target for the MoA of
saflufenacil. Interestingly, the metabolic pattern in the analysis results are quite
different compared to the metabolic profiling results from Grossmann,
Niggeweg, et al. However, in their experiments, the plants were treated with
saflufenacil for 48 hours and in the experiments here, only up to five hours.
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Figure 3.27: MIDs of metabolites after saflufenacil treatment.
A: Glutamate, B: Phenylalanine, C: Cembrene and D: Tetracosanoic acid.

Displayed are the mean of five replicates of controls and saflufenacil treatments
after 2 h and 5 h. Error bars are the standard error of the mean.
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Therefore, it seems that the effect of saflufenacil is different after longer
treatment time, which may also promote the metabolic effects in
protoporphyrinogen IX biosynthesis. Additionally, more prolonged incubation
with labeled carbon dioxide would yield higher labeling in general, which would
increase the number of labeled metabolites.

3.1.4.6 Photosystem II inhibitor

3-(3,4-dichlorophenyl)-1,1-dimethylurea (DCMU), sold as Diuron, is a broadband
phenylurea herbicide. It inhibits the Hill reaction in chloroplasts. The herbicide
occupies the plastoquinone binding side of the D1 protein in photosystem II (PS
II) (Van Rensen, 1989; Pfister et al., 1979; Haynes et al., 2000; Hess, 2000). Without
plastoquinone, the electron flow from PS II to photosystem I (PS I) is limited.
Finally, the conversion of adenosine diphosphate (ADP) to ATP is prevented (Rott
et al., 2011).
Analysis of polar and non-polar metabolites revealed that there is almost no
isotopic enrichment after DCMU treatment. Central carbon metabolism
metabolites and sugars showed almost no isotopic enrichment after two hours
and five hours of herbicide treatment (Figure 3.28). Figure 3.29 depicts some of
these MIDs. Missing isotopic enrichment is a clear evidence for an early MoA
that prevents the uptake or distribution of the labeled carbon dioxide into the
plants’ metabolism. As there were no intermediate metabolites of the Calvin
cycle in the detected compounds, the data does not provide enough information
for further refinement of the metabolic target. However, the data provides clear
evidence for further experimental approaches.

In this experiment, it is quite noticeable that different factors decrease MID
quality. The expected missing labeling after inhibition of 13CO2 uptake allows
evaluating the quality of non-targeted MID determination. Section 3.1.2
describes this in further detail.
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Figure 3.28: MIAMI network of polar metabolites from DCMU treatment.
Non-targeted metabolites are represented as solid boxes, light gray dashed boxes

represent metabolites from the reference pathway. The colors indicate
increasing (green), decreasing (red) M0, unchanged (gray) or special patterns

(yellow). Red X marks proposed targets, gray X marks targets which have been
moved to a reference edge. Asterisks denote the statistical significance (Student’s
t-test) between M0 of Control after 6h vs. DCMU treatment after 6h (*: p < 0.05

and **: p < 0.005).
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Figure 3.29: Expected MID patterns of metabolites after DCMU treatment.
A: Glucose, B: Citrate, C: Malate and D: Glutamate. Displayed are the mean of five
replicates of controls and DCMU treatments after 2 h and 5 h. Error bars are the

standard error of the mean.
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3.1.4.7 Acetolactate synthase inhibitor

Imazapyr is a non-selective herbicide of the imidazolinone class. It inhibits the
acetolactate synthase (ALS), the first enzyme of branched-chain amino acid
biosynthesis in plants (Babczinski et al., 1991). ALS catalyzes the reaction of two
molecules pyruvate to 2-acetolactate, which leads to leucine or valine and the
reaction of pyruvate and 2-oxobutyrate to 2-aceto-hydroxybutyrate, which is the
precursor of isoleucine.
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Figure 3.30: MIDs of valine (A) and pyruvate (B) after imazapyr treatment.
Displayed are the mean of five replicates of controls and imazapyr treatments

after 2 h and 5 h. Error bars are the standard error of the mean.

The data analysis showed that most detected metabolites did not change after
herbicide treatment, except for some sugars with increased isotopic enrichment.
However, valine had no isotopic enrichment after two hours and five hours of
imazapyr treatment (p=0.05, Figure 3.30A). Additionally, in pyruvate the isotopic
enrichment was significantly increased (5%, p=0.05, Figure 3.30B). While the
difference in valine was only 3%, the increase in pyruvate is a clear indicator that
the MoA is somewhere between pyruvate and valine. However, other
branched-chain amino acids or intermediates were not present, so further
refinement was not possible with this dataset. It should be noted, that the MID
of pyruvate was not detected correctly. However, the additional mass
isotopomers (M4 and M5) do not contribute significantly to the change.

In summary, there is strong evidence that the MoA of imazapyr is located
somewhere after pyruvate and before valine because those metabolites are the
only near metabolites that changed significantly. However, more labeling would
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Figure 3.31: MIAMI network of polar metabolites from imazapyr treatment.
Non-targeted metabolites are represented as solid boxes, light gray dashed boxes

represent metabolites from the reference pathway. The colors indicate
increasing (green), decreasing (red) M0, unchanged (gray) or special patterns

(yellow). Red X marks proposed targets, gray X marks targets which have been
moved to a reference edge. Asterisks denote the statistical significance (Student’s
t-test) between M0 of Control after 6h vs. imazapyr treatment after 6h (*: p < 0.05

and **: p < 0.005).

help to detect other labeled metabolites downstream of valine to increase the
results further.
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3.1.5 Biological application

To further evaluate the abilities of the method, MIAMI was used to analyze datasets
in other biological contexts than MoA identification in plants and fungi.

3.1.5.1 Toxins of C. difficile

To investigate metabolic effects of toxins released by the bacterial pathogen
C. difficile on human colorectal adenocarcinoma cell line HT-29, MIAMI was
used to elucidate potential metabolic targets. The two primary toxins are C.
difficile toxin A (TcdA) and C. difficile toxin B (TcdB). These toxins act with their
glycosylating transferase domain on proteins of the Rho GTPase family, thereby
inactivating signal transduction (Gerhard et al., 2005; Chandrasekaran et al., 2017).
Teichert et al. (2006) showed that the catalytical inactivation inhibits the toxic
effects in TcdA. Whereby TcdB still retains its toxic effects.
The question was if MIAMI can find any new insights regarding the metabolic
effects of TcdA, TcdB, or the catalytically deficient TcdANXN or TcdBNXN variants. A
simplified reference pathway of the central carbon metabolism was the metabolic
guide for the MIAMI analysis.
The analysis showed that N-acetylneuraminic acid (NANA) has less isotopic
enrichment from [U13C] glucose after treatment with TcdA and TcdB. Both
toxins had no significant effect with a variability >= 0.03 on the majority of the
central carbon metabolism (Figures 3.34 and 3.35). Interestingly, NANA, a sialic
acid that is part of mucin, had decreased labeling after both treatments of TcdA
and TcdB with LPS. In contrast, LPS treatment alone did not affect NANA
labeling (Figure 3.32A).

Additionally, the catalytic activity of TcdB was necessary to reduce NANA
labeling. The catalytic deficient toxin TcdANXN showed a similar impact on
cellular metabolism as the active TcdA. However, TcdBNXN can not induce this
effect (Figure 3.32B).
It should be noted that only two carbon atoms were isotopically enriched in NANA.
This might indicate that the enrichment emerges from the acetyl group. However,
only the small fragment 117 of the NANA molecule was properly detected, therefore
it is also possible that the labeling originates from the glucose backbone and not
all labeled carbon atoms were present in the fragment.
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Figure 3.32: MIDs of NANA in HT-29 cells treated with LPS and C. difficile toxins.

A: Toxins TcdA and TcdB, B: Catalytically deficient
toxins TcdANXN and TcdBNXN. Displayed are the mean
of three replicates. Error bars are the standard error of

the mean.

Figure 3.33: NANA biosynthesis.
NANA biosynthesis begins from glucose through the hexosamine pathway.

NANA is activated with CTP and transported to the cell surface (Teoh et al., 2018).
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Many mammalian cells present NANA as the terminal component of glycan chains
on their surface. There it is responsible for signal transduction, cell and immune
recognition (Teoh et al., 2018). In human cells, the biosynthesis of NANA originates
from glucose through the hexosamine pathway. After biosynthesis, the addition
of cytidine triphosphate (CTP) activates NANA. Then, the Golgi transports NANA
to the cell surface (Figure 3.33).
NANA is used by pathogens to decorate their cell surface to survive the hosts’
innate immune system. NANA is either produced de novo by the pathogen or
absorbed from the environment (Severi et al., 2007). Additionally, C. difficile uses
NANA as a carbon source (K. H. Wilson et al., 1988). Moreover, Ng et al. (2013)
showed that less free sialic acids impair the expansion of C. difficile in mice.
The results of the MIAMI analysis showed no evidence, that the toxins of C. difficile
block the biosynthesis of NANA. However, the fact that NANA can be used as a
carbon source and immune system protection in pathogens suggest that the toxins
might rather trigger NANA export to make it available outside of the hosts cell.
An experiment with the addition of a sialidase to the cell culture would help to
test this hypothesis. Sialidases would release NANA and other sialic acids from the
glycan chains. Afterward, the medium could be measured via GC-MS and analyzed
for NANA content and compared with the different toxins.
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3.2 Method development for Cori cycle flux analysis

In this chapter, I will describe a new method to estimate GP and GNG, which
uses DBS, stable-isotope labeling, and mathematical modeling. This part of my
thesis aimed to implement and verify the computational analysis of the Cori
cycle fluxes to estimate GP and GNG. I created an algorithm to estimate
parameters for the mathematical model (Section 3.2.2) and implemented the
algorithm in DBSAnalyzer, an application with a graphical user interface for data
analysis (Section 3.2.3).
Using DBSAnalyzer, I could show that the selected ion for GC-MS glucose
quantification has a high discrepancy compared to the blood glucose meter
(Section 3.2.4). Consequently I investigated, if the quantification is needed at all
to estimate the rates of GP and GNG (Section 3.2.6). To further test the method, I
analyzed the technical and biological reproducibility of the method
(Section 3.2.5). Finally, I used DBSAnalyzer to compare the GP and GNG of T2DM
patients and non-diabetics and compare the results with data from the literature
(Section 3.2.7).

3.2.1 Mathematical model

During fasting, lactate from the Cori cycle contributes up to 36% to the
gluconeogenesis to maintain the blood glucose homeostasis (Katz et al., 1998).
For the calculation of GP and GNG, a simplified version of the Cori cycle was
used. The model is based on the single oral ingestion of uniformly labeled
glucose solved in water. Ingested [U-13C]glucose enters the blood (k1) and can be
transported out of the model (k2), for example, other metabolic pathways.
Glycolysis takes place in the muscles and other tissues. There, glucose is
metabolized to uniformly labeled lactate (k3). Lactate is then transported through
the blood to the liver. Here, two molecules of lactate are metabolized back to
glucose through gluconeogenesis. As the fraction of labeled lactate is very low,
primarily [3-13C]glucose is formed, which again enters the blood (Fig 3.36). The
model of the Cori cycle can be expressed as a set of ordinary differential
equations (ODEs) (Equations 3.2).
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A

+

B
k1 k3

k2

k5

k4

Figure 3.36: Simplified model of the Cori cycle.
A: Labeled Glucose enters the stomach and is transported to other tissues

through the blood. The labeled glucose is metabolized to fully labeled lactate in
tissue like muscles and transported to the blood. Through GNG the labeled
lactate can be converted back to glucose with a second, probably unlabeled,

lactate molecule. Glucose molecules formed from labeled and unlabeled lactate
will be three times labeled. Glucose from GNG then enters the blood again to be

transported through the body. B: Simplified version of the model with
parameters (kx ) for the metabolic conversion for every reaction in the model.



86

dGi
dt = −k1Gi
dG6
dt = k1

fV
Gi − (k2 + k3)G6

dL3
dt = 2k3G6 + k3G3 − k4L3
dG3
dt = k4L3 − (k2 + k3)G3

(3.2)
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The Cori cycle model is only valid if assumptions are applied for the experimental
scenario:

Changes in metabolic rates due to the ingestion of glucose are instant and
constant during the experiment.

Glycogenolysis from labeled glucose is negligible.

Other gluconeogenic precursors from labeled glucose than lactate are
negligible.

Appearance and disappearance of metabolites in blood reflect the processes
in the corresponding tissue.

No difference in enzymatic kinetics and transport between unlabeled,
partially labeled, and fully labeled molecules.

Production of uniformly labeled glucose from gluconeogenesis is negligible.

Consumed glucose has to be replenished by glucose production to retain
blood glucose homeostasis.

GP = (k2+k3)·cGlc ·fV
mBody

GNG = 2·k5·cLac ·fV
mBody

LP = ·k3·cGlc ·fV
mBody

LD = ·k4·cLac ·fV
mBody

GD = ·k2·cGlc ·fV
mBody

(3.3)

From the estimated parameters, measured metabolite concentrations, and
subjects’ body mass, metabolic turnover rates can be calculated (Equations 3.3).
Based on the model and the assumptions described in Section 3.2.1, GP is the
sum of outgoing fluxes (k2 and k3; min-1) times the mean glucose concentration
cGlc (mg L-1) times the blood volume factor fV (L) divided by the subjects body
mass mBody (kg) to obtain the GP in mg min-1 kg-1. The GNG is calculated using
2 times the lactate flux to glucose (k4) times the mean lactate concentration cLac

times the blood volume factor fV and divided by the body mass. The additional
doubling needed because the model only simulates the conversion from one
labeled lactate to one glucose. But during GNG two precursor molecules are
consumed to create one glucose molecule, and therefore the double amount of
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lactate is utilized by the reaction. Similarly, the rate for lactate disappearance
(LD), lactate production (LP), and glucose disappearance (GD) can be calculated.
The ODE model (Equation 3.2) and rate calculation formulas (Equation 3.3) were
developed by Prof. Dr. Karsten Hiller.

3.2.2 Parameter estimation algorithm

The new method uses the Cori cycle fluxes to estimate the GP and GNG rates.
The calculation of the rates needs the model parameters (k1 – k4 and fV ). The
parameter estimation fits the experimental data to the ODE model by
least-squares minimization. Many methods and algorithms exist to solve those
least-squares problems. The Levenberg-Marquardt algorithm (LMA) is an
iterative process to minimize the sum of squares of the deviations of
experimental data. LMA is a robust method, but it needs initial parameter
guesses and may get trapped in local minima if the guess is far away from the
real solution.
Another method for parameter estimation is differential evolution (DE). This
heuristic algorithm aims for global optimization. DE tries to reduce a cost
function using a population of random parameter guesses. The population is
iteratively mutated and combined (crossover) to obtain the optimal parameter
set. The algorithm keeps parameter sets with a lower value of the cost
function (Storn et al., 1997). However, this method also does not guarantee to find
the optimal solution due to the random population generation.
The DBS parameter estimation uses a combination of LMA with random initial
parameters, mutations, and crossover to minimize the probability of local minima
detection. Crossover has a higher chance to occur between parameter sets with
low values of the cost function. The general procedure of the implementation is
as follows:

1. Generate g sets of random parameters

2. Run i optimization steps

3. Run LMA on every set

4. Evaluate optimized sets using the cost function

5. Save parameter sets with the lowest cost function values
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6. Apply crossover based on cost function values

7. Apply random mutation within boundaries

8. Start over with (3)

The cost function calculates the residual sum of squares (RSS) of the data and the
fit. Because the higher curves contribute more to the RSS, the relative RSS is
calculated by dividing the values by the maximum of the corresponding
experimental curve.
The results are many optimal solutions that fit the data with the ODE model. The
mean and standard deviation of the parameters are a quality measure for the fit,
which indicate the variability of the parameter during fitting. Another quality
measure is the comparison of the fit from the best parameter set with the fit from
the mean parameter set. A high deviation between mean fit and best fit indicates
a lower quality of the fit. Every parameter set yields individual GP and GNG rates.
The final result is the mean and standard deviation for every rate.

3.2.3 DBSAnalyzer application development

Analysis of numerous datasets needs powerful tools for data processing.
Therefore, I developed the DBSAnalyzer application to store, analyze and view
DBS datasets. DBSAnalyzer was implemented in C++ 17 with Qt5 for the GUI.
Statistical analysis and parameter estimation were implemented using the GNU
Scientific Library (GSL). GC-MS data needs to be preprocessed with
MetaboliteDetector to get intensities and MIDs for every metabolite. These data
need to be copied into the corresponding data tables. Datasets can be selected
from the list on the left side of the application, where the background color
represents the analysis status (gray = not ready, yellow = ready, green = analyzed,
red = error). The list can be limited to processed and not processed datasets.
Currently, the mathematical model is hardcoded, but additional models can be
programmed and added to the program. However, compilation of the source
code is currently needed to add additional models.
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3.2.3.1 Data storage

A

B

Figure 3.37: DBSAnalyzer data tabs.

A: the metadata tab holds an arbitrary number of
key/value pairs. B: Every data table can hold an arbitrary

number of different data rows.
Data storage and accessibility are crucial for a large number of datasets.
Therefore, DBSAnalyzer stores the data in JSON format, which is a lightweight,
readable, portable, and cross-platform data storage format. However, a readable
file format results in large file sizes. DBSAnalyzer uses JSON library JSON for
Modern C++ (Lohmann, 2019) to access the JSON data, which also allows saving
the JSON data in binary formats for reduced file size. For future expansion,
DBSAnalyzer stores metadata fields dynamically as key-value pairs. Every dataset
can have an arbitrary number of metadata key-value pairs dataset (Figure 3.37A).
The program stores the input data in different tables: time, relative intensities,
MIDs, and absolute quantities. All tables (except time) can hold an arbitrary
number of rows for different metabolites. For example, DBSAnalyzer can store
the data from the blood glucose meter as an additional row. A small preview plot
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shows the data of the corresponding table (Figure 3.37B). Sometimes outliers are
present, which can be disabled for every time-point. Columns can be disabled in
the colored bar above the time table. With this procedure, the analysis ignores
the outliers without actually removing the data.

3.2.3.2 Data Calibration

Figure 3.38: DBSAnalyzer data calibration tab.
For every row in the relative intensities table, a calibration can be performed.

GC-MS data from MetaboliteDetector comes as relative intensity values. To get
absolute quantities of every data point, a calibration needs to be performed. The
calibration tab, an arbitrary number of tables holding calibration data can be
added (Figure 3.38). Every table represents a row in the relative intensities table.
Here, DBSAnalyzer stores concentrations and corresponding intensities from a
calibration mixture for calibration. With the calibration data, DBSAnalyzer can
automatically calculate and add the absolute quantities to the data tab. Another
utilization of the calibration feature is to convert units.

3.2.3.3 Data analysis

For the DBS analysis, the quantification and MID data has to be mapped
together in the upper part of the analysis tab (Figure 3.39). After a successful
analysis, DBSAnalyzer presents the calculated parameters and rates in the lower
part of the analysis tab as table and bar plots. For the tables, the best parameter
set, the mean of all parameter sets with standard deviation, or all parameter sets
are available. The bar plots always combine all the different possibilities. The
bars are the mean and the circles are the single values, whereas a red circle
indicates the value from the best dataset. Finally, the simulation results are
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Figure 3.39: DBSAnalyzer data analysis tab.
In the upper part, the quantification data and MID data can be mapped to every

data field needed for the selected model. In the lower part, estimated
parameters, rates and simulation results are shown.
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plotted together with the mapped input data. Here, DBSAnalyzer draws the
simulation from the best parameter set as solid lines and the simulation with the
mean parameter set as dashed lines.

3.2.3.4 Additional features

Besides the basic data handling and processing, DBSAnalyzer implements some
features to support data analysis:

Data comparison To get a quick overview of the individual datasets, the data
comparison tool creates visualizations for different types of data for one or more
selectable datasets. The visualization type is selected based on the selected data
types. The tool visualizes time-resolved data as scatter or line plots and all other
data as bar plots. The tool will automatically select the best visualization based
on the selected data. For example, the tool displays rates and parameters as the
mean of all selected datasets. Categorical metadata, like gender, will be visualized
as counts for every category (Figure 3.40A).

A B

Figure 3.40: DBSAnalyzer data comparison and statistics.

A: The data comparison tool allows to compare and plot
all kind of data. B: The statistics tool provides basic

capabilities to compare visualize the rates of two
different groups using Student’s t-test.
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Statistical analysis For a first simple statistical analysis, the statistics tool allows
the user to quickly test different groups for statistical significance (Figure 3.40B).
Two different groups can be defined, and the tool calculates and visualizes the
statistics for all calculated rates in the corresponding groups. All metadata can be
selected for the creation of the groups. The tool compares the metadata with the
selected logical operators or string comparison to select datasets for the groups.
The comparison tool calculates the significance based on the Student’s t-Test and
visualizes the data as bar plots.

Batch analysis Selecting every dataset and running the analysis can be a tedious
task for many datasets. Therefore, the batch analysis tool allows the analysis of
many datasets. The user can select only new datasets or all datasets for analysis.
The batch analysis allows for the rapid processing of many new datasets.

QR code label generator and scanner Every DBS experiment are anonymized
using KitIds. Every DBS card has a label with the KitId and the time-point. These
KitIds are also encoded as QR codes and are used in the Android application to
guide the DBS experiment (Section 2.2.1). DBSAnalyzer allows creating printable
sets of QR code labels in PDF format. The labels can be printed onto
self-adhesive paper and used for the DBS kits. DBSAnalyzer also provides the
capability to scan QR codes using a webcam. After scanning a QR code, the
application opens the corresponding dataset if it already exists. Otherwise the
application creates an empty dataset with the KitId from the QR code.

3.2.4 Blood glucose quantification

Blood glucose concentration is an essential factor for the determination of
absolute rates for GP and GNG. The calculation of absolute glucose
concentration is based on a calibration standard. Glucose in different
concentrations is measured alongside with the blood samples. The intensities of
this measurements are used to setup a calibration curve. The calibration curve
allows to calculate the absolute glucose quantification.
During data analysis, some patients showed an unexpectedly high or low glucose
level. Therefore, the performance of the glucose quantification results was
validated. In addition to the GC-MS glucose quantification, the blood glucose
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concentration was obtained from a blood glucose meter for every time point
during the experiment.
The blood glucose meter has a certified accuracy (ISO 15197:2013) of 0.83 mmol/L
for concentrations smaller than 5.55 mmol/L and 15% for glucose concentrations
larger or equal than 5.55 mmol/L (FORA Diamond MINI Manual 2016). The data
from the blood glucose meter was used as a reference to validate the GC-MS
quantification results.
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Figure 3.41: Comparison of mean blood glucose concentrations.
Compared are blood glucose concentration from blood glucose meter and

calculated from GC-MS measurement. Data is sorted ascending by the ratio. A:
Ratio of mean blood glucose levels, the green rectangle indicates concentrations
within the 15% deviation from the blood glucose meter. B: Correlation of mean

blood glucose concentration from GC-MS and blood glucose meter, Pearson
correlation coefficient r = 0.54.

Figure 3.41 shows the comparison of the blood glucose concentrations obtained
from GC-MS measurement and from the blood glucose meter. Surprisingly, in
only 26.56% of the patients, the GC-MS glucose quantification was within the
15% deviation of the blood glucose meter (Figure 3.41A). In more than 50% of the
patients, the blood glucose measured by GC-MS was up to 90% higher than with
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the glucose meter. However, there is no evidence for a correlation (Pearson
correlation coefficient r = 0.54) between high blood glucose concentration and
overestimation from the GC-MS measurement (Figure 3.41B).
Several factors could influence the GC-MS-based quantification of blood glucose
levels. For example, an overloaded glucose peak can distort the quantification in
both directions, depending on whether the chromatogram of the patient sample
or the calibration sample contains the overloaded peak. Potential origin for this
problem could be unequal amounts of blood on the DBS cards.

3.2.5 Reproducibility of DBS analysis

To verify the reproducibility of the method, technical and biological DBS
replicates were analyzed. Technical replicates were analyzed to verify the
reproducibility of the measurement and metabolite stability during long term
storage. Biological replicates were analyzed to verify the validity of the results for
an individual over a long period. The analysis included the comparison of
glucose and lactate concentrations, MIDs, and GP and GNG rates between
replicates.

3.2.5.1 Technical reproducibility

For the technical replicates, blood from DBS cards from the same healthy controls
was extracted and measured multiple times. The replicates were extracted and
measured approximately three and four months after the first extraction. The
DBS cards were stored at 4 °C. Parameter estimation and calculation of GNG and
GP rates were based on the GC-MS quantification.

Figure 3.42 shows that the mass isotopomers M3 and M6 of glucose, and M3 of
lactate were highly reproducible. Only a few time points showed deviations
between replicates (Figure 3.42B, Glucose M6). These results clearly demonstrate
that there is no effect on measurement and determination of MID due to storage
at 4 °C for at least four months, because an effect from storage would have an
effect on all time points.

In contrast, the concentrations of glucose and lactate measured by GC-MS
(Figure 3.43) showed a higher variability between the replicates. For glucose, only
two of three replicates showed the same levels over time. This result
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Figure 3.42: MIDs of technical replicates.

Extraction and measurement was repeated from discs
from the same DBS card. A and B show the MIDs of two
different subjects.
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Figure 3.43: Quantification of technical replicates.

Extraction and measurement was repeated from discs
from the same DBS card. A and B show the
concentrations of two different subjects.
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substantiates the results of Section 3.2.4, that the GC-MS-based quantification
tends to be error-prone. However, the data showed no evidence that glucose
degrades over time during storage and it seems that lactate concentrations are
more robust compared to glucose. In one subject (Figure 3.43A), the replicates
showed a high reproducibility, whereas, in another subject (Figure 3.43B), the
curve only showed the same shape but was shifted. The shifted curve indicates a
problem with the calibration, not with the lactate measurement itself, because
the calibration just scales the curve and does not affect the shape of the curve.
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Figure 3.44: Calculated rates of technical replicates.

Extraction and measurement was repeated from discs
from the same DBS card. Parameter estimation was
performed using the GC-MS quantification. A and B
show the rates of two different subjects. All values are
the mean of three replicates, error bars represent the

standard error of the mean.
The calculation of the GP and GNG rates is based on the quantitative
concentrations and MIDs of glucose and lactate (see Section 3.2.3). Surprisingly,
all calculated rates were highly similar for the three replicates (Figure 3.44), even
though the estimation used the error-prone GC-MS glucose quantification.
Additionally, Figure 3.44B clearly shows a strong dependency of the GNG from
the lactate concentration, which is also low (Figure 3.43B).
Except for the glucose quantification, the data for the DBS analysis is technically
highly reproducible. The lactate quantification and MIDs of glucose and lactate
are reproducible. Nevertheless, there is a higher potential to introduce error to
the glucose quantification because of multiple potential sources of experimental



100

errors. However, there is no adverse effect on glucose and lactate from storage at
4 °C for at least four months.

3.2.5.2 Biological reproducibility

For the biological replication, diabetes patients from the Hannover Medical
School (MHH) cohort were invited to repeat the whole procedure 2 years after
their first assessment and a third time four weeks later.
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Figure 3.45: Mass isotopomers comparison between individual patients.
Replicates of two subjects (red and green) were taken two years after the first

study and additionally one month after the second study.

Figure 3.45 depicts the individual mass isotopomers of glucose M3, M6 and
lactate M3 over the experiment duration of three hours. The curves of two
different patients (red and green) are shown and represent the data from the
three replicated assessments. For each patient, the curves showed individual
patterns, which were reproducible and discriminable, even two years after after
the original study.
The patient-wise comparison of the mass isotopomer of glucose M3 and glucose
M6 and lactate M3 over the experiments duration of three hours (Figure 3.46)
indicate that there was almost no difference between the 2017 experiment and
the 2019 experiments. Notably, even the M3 of glucose was highly reproducible,
although the isotopic enrichment was below 1%. However, there were still some
outliers that may originate from the experimental procedure.

Figure 3.47 presents the comparison of the GC-MS-based quantification for
glucose, lactate, and the glucose concentration measured by the blood glucose
meter between the replicated studies. There is a high reproducibility for lactate
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Figure 3.46: Mass isotopomers comparison between studies.

Replicates of two subjects (red and green) were taken
two years after the first study and additionally one

month after the second study.
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Figure 3.47: Comparison of concentrations between studies.

The DBS study was repeated for the same patients after
2 years and additionally one month later again. A and B

show the concentrations of two different patients.
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and glucose concentrations from the blood glucose meter. However, the
GC-MS-based glucose quantification is not reproducible, which supports the
findings of the previous sections.
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Figure 3.48: Calculated rates of biological replicates.

The DBS experiment was repeated for the same subject
after 2 years and additionally one month later again.

Parameter estimation was performed using the blood
glucose meter quantification. All values are the mean of
three replicates, error bars represent the standard error

of the mean.
Using the MIDs and concentrations for glucose (from the blood glucose meter)
and lactate, DBSAnalyzer was used to calculate the rates for GNG and GP. The
analysis showed that the rates are highly reproducible, even after two years for
both subjects (Figure 3.48). GP was very low compared to the other replicates
(Figure 3.48A). This was most probably caused by M3 lactate (Figure 3.46A, blue
lactate M3 curve), in which enrichment increased faster as compared to the other
replicates. This demonstrates, that the shape of the mass isotope curves over the
time has a high impact on the estimated parameters for GP and GNG.
In general, the measurement, as well as the parameter estimation and rate
calculation, were highly reproducible. Only the glucose GC-MS quantification
was hardly reproducible, as described earlier. In principle, the calibration for
quantification seems to be prone to errors. In contrast, the GC-MS-based lactate
quantification did not show these high deviations. Therefore, there is not
directly a technical limitation, but the ion 554 may not be suitable for glucose
quantification. An analytical evaluation of a better ion for glucose quantification
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is needed. However, the concentrations of glucose and lactate are relatively
constant over the time of the experiment. Therefore, the mass isotope curve has
a higher influence on the rate calculation, as shown in Figure 3.46A and
Figure 3.48A. The glucose and lactate concentrations only scale the shape of the
mass isotope curves.

3.2.6 Role of quantification

The calculation of GP and GNG rates is based on parameters of a mathematical
model of the Cori cycle (Section 3.2.1). For this model, the glucose and lactate
concentrations are multiplied by the mass isotopomers (M3 and M6 for glucose
and M3 for lactate) to obtain the total amount of the isotopically enriched
metabolite. Nevertheless, the GC-MS-based glucose quantification is prone to
errors for glucose, as described before in detail (Section 3.2.6). However, the
concentrations of glucose and lactate only scale the curves of the mass
isotopomers, which mainly define the shape over time. Therefore, the
concentrations might not be needed at all for rate calculation. It might be also
possible to replace the concentrations with a more robust value like a ratio of
glucose and lactate concentrations for scaling.
To evaluate these different alternatives for metabolite concentrations, three
different sets of input data were created for the MHH replicates:

Blood glucose meter concentrations multiplied by the MIDs (original input)

Only MIDs without concentrations (MIDs only input)

MIDs multiplied by 1 for glucose and the mean of all lactate concentrations
divided by the mean of all glucose concentrations (scaled input)

To make the results comparable, the blood glucose meter concentrations were
used with DBSAnalyzer to fit the input data to the mathematical model of the
Cori cycle. To evaluate the results, the relative RSS was compared between the
replicates of different T2DM patients.

The analysis showed (Figure 3.49) that the scaled input fits the Cori cycle model
best. In contrast, the fits with original input and MIDs only input mostly result in
higher relative RSS.
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Figure 3.49: Comparison of RSS from different input data.

Fit results with original input (red), MIDs only input
(green) and scaled input (blue) for two subjects with three
biological replicates, error bars represent the standard

deviation from parameter estimation.

The GP and GNG rates are calculated from the parameters of the fit and the
mean concentrations (Equation 3.3) using DBSAnalyzer based on the input data
described before. The rates from the three different inputs were all on a
comparable scale. These findings indicate that the parameters obtained from the
fit can compensate for the different input types. However, the different inputs
did not produce the same rates as the original input for both patients (Figure 3.50).
For the first patient (Figure 3.50A & C), the rates from the scaled input were
comparable to the original input, but the MIDs only input was not even consistent
across the replicates. For the second patient the rates were all lower compared to
the original input, especially GNG rates were significant lower in the alternative
inputs (Figure 3.50D).

The results do not give a clear answer if absolute metabolite concentrations can
be replaced to calculate GP and GNG rates, because the different inputs result in
very different rates, while the concentrations for glucose and lactate, as well as the
ratio were very similar (Figure 3.51).
The results indicate that the concentrations have an impact on parameter
estimation, because the alternative inputs can not fully reproduce the original
results. In general, using only MIDs or scaled MIDs for parameter estimation
results in rates on a comparable scale. However, a more standardized analysis is
needed to further evaluate optimizations for the inputs. Another important fact
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Figure 3.50: Comparison of rates from different input data.

GP (A & B) and GNG (C & D) calculated from fits with
original input (red), MIDs only (green) and scaled input
(blue) for three biological replicates of two patients

(MHH003 and MHH007). All values are the mean from
parameter estimation, error bars represent the standard

deviation from parameter estimation.
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Figure 3.51: Mean glucose and lactate concentrations and ratio lactate/glucose.
Comparison of mean concentrations over time from blood glucose meter

(glucose) and GC-MS measurement (lactate). Displayed are the tree biological
replicates from two patients. Glucose and lactate concentrations are in mmol/L.

The ratio was used for the scaled input for parameter estimation.

is, that the results need to be compare with established methods like the
deuterated water method by Landau, Wahren, Chandramouli, et al. (1995). Only
the comparison to a reference method can fully confirm if one input is superior
to another input.

3.2.7 Analysis of type 2 diabetes cohort

To further validate the DBS method for estimation of GNG and GP from Cori
cycle fluxes, a cohort of non-diabetics and T2DM patients was studied. First,
DBS analysis results were compared with data from the literature to get an
overall impression of the results. Furthermore, the statistical difference between
T2DM patients and non-diabetics was studied to verify if the DBS method can
differentiate between the two groups.

3.2.7.1 Study cohort demographics

In total, 64 volunteers were part of the study. Sixteen non-diabetic controls and
40 T2DM patients in the Centre Hospitalier Emile Mayrich (Esch-sur-Alzette,
Luxembourg) and eight T2DM patients in the Clinical Research Center
(Hannover, Germany).
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Figure 3.52: Patient cohort statistics.
Statistics for 16 non-diabetic controls and 48 T2DM patients. Left: Mean and

standard deviation of age and weight. Right: Gender distribution.

The volunteers were weight (controls: 73.5±12.1 kg and T2DM patients:
88.5±19.7 kg) and age (controls: 60.6±11.7 years and T2DM patients:
60.6±11.6 years) matched (Figure 3.52 left). In the control group, the majority of
the volunteers were female (thirteen female, three male), and in the T2DM
group, the majority of the volunteers were male (30 male, 18 female) (Figure 3.52
left). Appendix A.6 shows the full list of individual patient data.

3.2.7.2 Comparison with literature

The method based on DBS estimates GP and GNG from Cori cycle fluxes in the
fasting state. Therefore, a comparison of similar experiments (Table 3.7) with
different analysis methods was performed. In all these experiments, metabolic
fluxes were traced with stable isotope labeling to estimate GP and GNG. The
methods used different tracers and different mathematical models to calculate
GP and GNG rates.

Table 3.7: List of literature for GNG and GP comparison.

Publication n (Ctrl/T2DM) Method

Chandramouli et al., 1997 7/- 2H2O & [6,6-2H2] Glc
Katz et al., 1998 6/- [u-13C] Glc
Landau, Wahren, Ekberg, et al., 1998 3/- [u-13C] Glc
Petersen et al., 1996 13/- [2-2H] Glc
Tayek et al., 1996 8/9 [u-13C] Glc & [6-3H] Glc

Unfortunately, only a few studies have published individual values for GNG and
GP. Especially for T2DM patients, only a few publications with individual values
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exist. Additionally, the number of participants was low compared to our dataset.
Only literature data from experiments in the fasting state after approximately 12
hours were used, which are comparable to the current study. In the selected
literature, the researchers used different methods for the calculation of GP and
GNG. Those values were compared to the GP and GNG from the analysis with
DBSAnalyzer. Statistical significance for all data was calculated using Analysis of
Variance (ANOVA) and the post-hoc Tukey’s honestly significant difference test
(Tukey’s HSD test) was performed to calculate the significance for all single
datasets for the null hypothesis that the mean of the datasets is the same with
α = 0.05.

Compared to the rates from literature, the DBSAnalyzer estimated rates on a
similar scale. In T2DM patients, the mean GNG was between 1 and
1.5 mg/kg/min and GP, and the mean GP was around 3 mg/kg/min (Figure 3.53A).
However, the rates were more variable compared to the published data. For
healthy controls, more publications were available for comparison (Figure 3.53B).
While estimated GNG rates of this study were in line with published data, the GP
rates exceeded the literature data.

Table 3.8: ANOVA results for comparison of DBSAnalyzer results with literature data.

Group Rate p-Value

Control GP 0.0
Control GNG 0.139
T2D GP 0.777
T2D GNG 0.397

The ANOVA results (Table 3.8) emphasize that the calculated GP in healthy
controls was significant different (p < 0.001) compared to the literature data.
Additionally, the Tukey’s HSD test showed that the GP from the DBSAnalyzer
analysis was significant different to all datasets from literature (all p < 0.05), but
there was no significant difference for the published data among each other
(Table 3.9). The Tukey’s HSD test for GNG in healthy controls and GP and GNG
in T2DM patients was not significant for any dataset combination (Appendix A.5).

In general, the estimated rates are comparable to data from literature based on
other methods. However, the cause of the slightly higher GP from the DBS analysis
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Figure 3.53: Comparison of GNG and GP with literature values.
A: Comparison of T2DM patients. B: Comparison of healthy controls. Bars
represent the mean of the individual data points, error bars represent the

standard deviation. Values above the bars indicate the results from Tukey’s HSD
test compared to data from this study (*: p < 0.05, **: p < 0.005).
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Table 3.9: Tukey’s HSD test results for comparison of DBSAnalyzer results for GP in healthy
controls with literature data.

Comparison of literature datasets can be found in Appendix A.5.
Group 1 Group 2 adj. p-Value

This method Chandramouli et al. 1997 0.001
This method Katz & Tayek 1998 0.025
This method Landau et al 1998 0.001
This method Petersen et al 1996 0.001
This method Tayek & Katz 1996 0.001

needs further investigation, because of the large variety of different methods used
in the literature. A direct comparison of different methods from experiments with
the same individuals is needed, to eliminate the inter-individual differences in
response to the glucose treatment.

3.2.7.3 Analysis of rates between controls and patients

It is known that the GNG rate in T2DM patients is increased compared to
non-diabetics (Magnusson et al., 1992). Therefore, the expectation was a similar
outcome from the DBS-based method. The GP and GNG were calculated using
DBSAnalyzer and the results were compared between T2DM patients and
non-diabetics (Figure 3.54).

The overall statistical analysis (Student’s t-Test, independent samples) of the
rates calculated with DBSAnalyzer showed no difference between controls and
T2DM patients for GP (p = 0.52) and GNG (p = 0.77, Figure 3.54). However, the
data points from the T2DM patients were more spread than the data from the
control group. As the results did not match the expectations, differences in the
distribution were analyzed in detail.
To further analyze the DBS results for validity, the Shapiro-Wilk test for normal
distribution was performed. The results showed that the control data were
normally distributed (except for one outlier in GP), as expected. In contrast, the
rates from the T2DM patients did not follow a normal distribution for GNG
(p < 0.0005) and GP p < 0.00001), which might indicate that there is more than
one distribution for the T2DM patients.
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Figure 3.54: Distribution of GNG and GP of control and T2DM patients.
Rates were calculated using DBSAnalyzer. Bars represent the mean of the

individual data points (n = 16 for controls and n = 40 for T2DM patients), error
bars represent the standard deviation of the mean. The p-value above the bars is
the result of Student’s T-test with independent samples compared to the control.
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Figure 3.55: Kernel density estimation of GNG and GP of control and T2DM patients.
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β =
γ2 + 1

κ
(3.4)

To further investigate the non-normal distribution, the kernel density
estimation (using Scott’s rule for bandwidth selection) of data points (Figure 3.55)
showed that the T2DM data consists of two overlapping distributions. The
bimodality coefficient (Equation 3.4) tests data for bimodality. Here, γ is the
skewness (asymmetry), and κ is the kurtosis (tailedness) of the distribution. A
bimodality coefficient larger than 0.555 indicates a bimodal distribution. Only
the T2DM distributions showed a bimodal distribution (β(GNG ) = 0.618 and
β(GP) = 0.904) with a second peak with higher GP and GNG rates. Therefore,
the bimodality coefficient supports the hypothesis from the previous paragraph
that there are two groups of T2DM patients.
It was expected that the T2DM patients have higher GNG and GP compared to
the healthy controls (Magnusson et al., 1992). Nevertheless, the statistical analysis
of all T2DM patients and controls showed no difference for GNG and GP rates.
However, the bimodal distribution showed that there are T2DM patients with GP
and GNG comparable with the non-diabetics group. This indicates, that there are
two distinct groups of T2DM patients.
Previous studies showed that carbohydrate uptake could influence the GP and
GNG (Bisschop et al., 2000). Many GNG and GP estimation studies use
standardized diets before the experiments. In the experiments for the DBS-based
method, there was no strict diet before the experiment, which might have had a
substantial effect on the results. In future experiments, the carbohydrate intake
should be limited before fasting to obtain comparable results.
Additionally, established methods use a continuous priming glucose infusion. In
contrast, for the experiments of the DBS-based method, only a single pulse of
labeled glucose was administered. Human metabolism may react differently in
the two different experiments. Therefore, the DBS method needs to be directly
compared with other methods in the same individuals.





4 Summary and outlook

4.1 Mode of Action analysis

During this thesis, I created a novel method for MoA analysis based on
non-targeted acquired MIDs (Section 3.1.1). I also showed that this method could
detect the correct targets of different herbicides and fungicides with known MoA
(Section 3.1.4), even without a priori knowledge of the effected pathway. With this
study, I also highlighted the importance of MID quality for the analysis results
(Section 3.1.2). Consequently, I developed MIAMI, a software based on the MoA
analysis method for full-stack data analysis, dynamic network visualization, and
target proposal (Section 3.1.3). Finally, I showed that MIAMI is not only capable
of finding MoAs in herbicides and fungicides but can also be used in other
biological contexts to elucidate metabolic changes (Section 3.1.5.1).
Although I was not able to successfully identify targets of all known pesticides, I
was still able to propose correct MoAs in herbicides tested in experiments with
only low isotopic enrichment. However, there are still unresolved issues in the
non-targeted detection of labeled metabolites in association with low metabolite
amounts. Here, an optimization of the algorithm could further ensure better
detection of labeled fragments. A potential optimization in the case of MIAMI
could be the usage of the spectrum with the highest intensity as a reference
spectrum for the targeted search.
One limitation of MIAMI is that it is only usable with GC-MS data because it
builds upon the libraries of MetaboliteDetector and NTFD. Using LC-MS data
would further extend the analytical depth of the MIAMI method because many
metabolites, especially in secondary metabolism, are not detectable in GC-MS
datasets. Unfortunately, the algorithms used for LC-MS data processing are
entirely different from the algorithms used for GC-MS. However, the general
method is also applicable to data acquired from LC-MS measurements. Many R
packages exist for LC-MS data processing, and it may be possible to preprocess
the data to generate sample-matched MIDs. From here, it would be possible to
use the variability analysis and distance calculation of MIAMI for MoA
identification derived from LC-MS datasets.
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4.2 Method development for Cori cycle flux analysis

In this part of my thesis, I could demonstrate the capability and limitations of a
new method to estimate GP and GNG from small blood drops. I developed an
algorithm to estimate the parameters of a mathematical model based on
experimental data (Section 3.2.2). I implemented this algorithm as part of
DBSAnalyzer, an application for DBS data storage, processing, and visualization
(Section 3.2.3). Additionally, I evaluated the technical and biological
reproducibility of the DBS method. I was able to show that the GC-MS based
quantification of glucose is not suitable for data analysis (Section 3.2.4).
Nevertheless, I could demonstrate that the data from the DBS experiment is
biologically reproducible even after more than two years (Section 3.2.5). I also
investigated if it is possible to further reduce the data complexity of the model
by removing the glucose and lactate concentrations for the calculation of the GP
and GNG rates (Section 3.2.6).
I analyzed a cohort of T2DM patients and controls and compared the calculated
rates with data from literature. Compared to the published data the GP was
significant higher than previously reported. Additionally, the calculated rates
showed a high deviation between individuals. There is still some research
needed to elucidate the cause of the differences (Section 3.7). Finally, I could
show that for a large group (n = 64), there was no statistical difference for GP
and GNG between non-diabetics and T2DM patients. However, I could show
that there was a bimodal distribution within the T2DM patients, which indicates
that there are two different groups within the T2DM patients, which respond
differently to the glucose ingestion (Section 3.2.7).
The DBS-based method for the calculation of metabolic turnover rates has a
high potential for clinical applications and large patients cohorts. However,
there are still some open questions and caveats that require further
investigation. First, a direct comparison of the DBS method compared to
established methods for the calculation of GP and GNG is required. All those
methods use different tracers and different mathematical methods to calculate
GP and GNG rates and have their own strengths and limitations. A direct
comparison of different estimation methods will allow to decide if there is an
experimental cause or if there is a mathematical cause. Furthermore, there is
still a probability that the DBS method is not comparable to techniques that use
a priming infusion of glucose. The priming glucose infusion might already have
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an effect on the metabolism, although the concentrations of the infusion are low,
which is not the case using the DBS approach.
DBS-based analysis of time resolved metabolites in the blood is a strong method
that allows for many future perspectives, especially in personalized medicine. The
method is not limited to the Cori cycle. Other pathways could also be traced by
adapting the mathematical model for other pathways. The only requirements are
that the isotopic tracer needs to be incorporated into the metabolites of interest
and that the metabolite is detectable in blood.
Together with analytical and computational automatization, the results of the
analysis could be ready within a few hours. After the patient requested a DBS kit
online, he would receive the package via regular mail. The patient would take the
blood samples at home and send the DBS cards back for analysis. There the DBS
cards could be semi-automatically processed and measured. After automatic data
analysis overnight, experts review and validate the analysis results and approve
the data for release to the patient online.
To archive this, on the analytical site, standardization is needed to ensure
high-quality results of the data. Only with high reproducibility, a precise
automatic data analysis is possible. Furthermore, an automated analysis software
based on the MetaboliteDetector library, in combination with the algorithms
from DBSAnalyzer, needs to be developed. For quality control, documentation of
all performed steps helps an expert to adjust settings and reprocess the data.
Additionally, secure and robust patient data management is needed to store and
transfer analysis results to medical collaborators or patients.
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A Appendix

A.1 Classification of herbicides and fungicides

Table A.1: Outdated list of MoA classification of herbicides.

Mode of action HRAC code WSSA code

Acetyl CoA Carboxylase Inhibition A 1
Acetolactate Synthase Inhibition B 2
Inhibition of photosystem II C 5/6/7
Photosystem II electron diversion D 22
Inhibition of protoporphyrinogen oxidase E 14
Inhibition of pigment sythesis F -
Inhibition of phytoene desaturase F1 12
Inhibition of 4-Hydroxyphenylpyruvate

dioxygenase F2 27
Inhibition of carotenoid

biosynthesis (unknown target) F3 11
Inhibition of 1-deoxy-D-xyulose 5-

-phosphate synthase F4 13
Inhibition of 5-enolypyruvyl-shikimate-3-

-phosphate synthase G 9
Inhibition of glutamine synthetase H 10
Inhibition of 7,8-dihydro-preroate synthetase I 18
Inhibition of microtubule assembly K1 3
Inhibition of microtubule organization K2 23
Inhibition of cell division K3 15
Inhibition of cellulose synthesis L 20/21
Uncoupler of oxidative phosphorylation M 24
Inhibition of lipid synthesis (not ACCase) N 8/26
Synthetic auxin O 4
Inhibition of auxin transport P 19
Unknown mode of action Z 17/25
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Table A.2: List of MoA classification of herbicides.
With unified classification between HRAC and WSSA.

Mode of action HRAC & Legacy
WSSA code HRAC code

Unknown mode of action 0 Z
Acetyl CoA Carboxylase Inhibition 1 A
Acetolactate Synthase Inhibition 2 B
Inhibition of microtubule assembly 3 K1
Synthetic auxin 4 O
Inhibition of photosystem II (His 215) 5 C1, C2
Inhibition of photosystem II (Serine 264) 6 C3
Inhibition of 5-enolypyruvyl-shikimate-3-

-phosphate synthase 9 G
Inhibition of glutamine synthetase 10 H
Inhibition of phytoene desaturase 12 F1
Inhibition of 1-deoxy-D-xyulose 5-

-phosphate synthase 13 F4
Inhibition of protoporphyrinogen oxidase 14 E
Inhibition of cell division 15 K3
Inhibition of 7,8-dihydro-preroate synthetase 18 I
Inhibition of auxin transport 19 P
Photosystem I electron diversion 22 D
Inhibition of microtubule organization 23 K2
Uncoupler of oxidative phosphorylation 24 M
Inhibition of 4-Hydroxyphenylpyruvate

dioxygenase 27 F2
Inhibition of cellulose synthesis 29 L
Inhibition of fatty acid thioesterase 30 Q
Inhibition of serine threonine

protein phosphatase 31 R
Inhibition of solanesyl

diphosphate synthase 32 S
Inhibition of homogentisate

solanesyltransferase 33 T
Inhibition of lycopene cyclase 34 F3
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Table A.3: List of MoA classification of fungicides.

Mode of action FRAC code

Nucleic acids metabolism A
Cytoskeleton and motor protein B
Respiration C
Amino acids and protein synthesis D
Signal transduction E
Lipid synthesis or transport/membrane integrity or function F
Sterol biosynthesis in membranes G
Cell wall biosynthesis H
Melanin synthesis in cell wall I
Host plant defence induction P
Unknown mode of action U
Chemicals with multi-site activity M
Biologicals with multiple modes of action BM



124

A.2 MIAMI json options

Table A.4: All options and their purpose for the MIAMI data processing.
The prefix labid_ indicates options for label detection, reference_ options for

reference pathways and miami_ for the MIAMI data processing.
json key Purpose

libraries List of files with libraries for compound identification
library_nist Path to NIST compound library
identification_cutoff Minimum score for compound identification
reference_files List of files with reference pathways
labid_dev_abs_sum Absolute MID deviation from 1.0
miami_distance_method Method for distance calculation
miami_distance_norm Method for distance normalization
miami_error_per_isotopomer Allowed error per mass isotopomer for ion selection
tracer The atom used as tracer for the experiment
labid_max_labeling Maximum labeling allowed
labid_min_labeling Minimum labeling allowed
labid_min_midsolv_r2 Minimum R2 from MID determination
library_match_cutoff Minimum score to match metabolites across experiments
mid_identification_cutoff Identification cutoff for targeted MID determination
nist_overwrite Can NIST hits overwrite other library hits?
reference_depth Maximum number of nodes allowed between nodes
reference_full Use the full reference pathway?
reference_shortest Use only the shortest path between nodes?
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A.3 Identification of metabolites in ergosterol biosynthesis

Table A.5: Identification of metabolites in ergosterol biosynthesis inhibitors.
Identification based on the NIST11 database, HMDB and GMD for metabolites with the given RT/RI.

RI RT [Min] NIST HMDB Golm

3069.01 21.6 ergosta-5,7,22-trien-3.beta.yloxy (3TMS) Ergocalciferol (1TMS) Ergosterol (1TMS) or Fucosterol (1TMS)
3278.42 22.89 3,5-Cyclo-6,8(14),22-ergostatriene Ergocalciferol (1TMS) Ergosterol (1TMS) or Fucosterol (1TMS)
3309.22 23.08 [(3.beta.,4.alpha.,5.alpha.)-4methylcholesta- Ergocalciferol (1TMS) Ergosterol (1TMS)

8,24-dien-3yl]oxy
3441.01 23.85 [(3.beta.)-24-methylenelanost-8-en-3-yl]oxy Obtusifoliol (1TMS) Fucosterol (1TMS)
3506.08 24.22 [(3.beta.)-24-methylenelanost-8-en-3-yl]oxy Estrone (1TMS) Stigmasterol (1TMS)
3569.35 24.56 [(3.beta.)-24-methylenelanost-8-en-3-yl]oxy] Obtusifoliol (1TMS) Stigmasterol (1TMS)
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A.4 DBS patient data

Table A.6: Individual patient statistics for DBS data analysis.

Weight [kg] Age [years] Gender Group Origin

1 85 70 female T2DM Hannover
2 66 44 male T2DM Hannover

3 80 79 male T2DM Hannover
4 125 71 male T2DM Hannover
5 66 70 female T2DM Hannover
6 105 70 male T2DM Hannover
7 80 62 female T2DM Hannover
8 115 55 male T2DM Hannover
9 78 58 female Control Luxembourg
10 70 55 female Control Luxembourg
11 83 60 female Control Luxembourg
12 62 51 female Control Luxembourg
13 82 78 male Control Luxembourg
14 61 75 female Control Luxembourg
15 67 76 female Control Luxembourg
16 73 79 male Control Luxembourg
17 95 57 female Control Luxembourg
18 59 50 female Control Luxembourg
19 62 51 female Control Luxembourg
20 68 53 female Control Luxembourg
21 100 62 male Control Luxembourg
22 75 58 female Control Luxembourg
23 78 68 female Control Luxembourg
24 63 38 female Control Luxembourg
25 85 47 male T2DM Luxembourg
26 88 44 female T2DM Luxembourg
27 125 38 male T2DM Luxembourg
28 83 66 male T2DM Luxembourg
29 70 75 male T2DM Luxembourg
30 77 63 male T2DM Luxembourg
31 84 59 female T2DM Luxembourg
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Table A.6 continued: Individual patient statistics for DBS data analysis.

32 80 55 male T2DM Luxembourg
33 73 64 female T2DM Luxembourg
34 66 42 female T2DM Luxembourg
35 69 60 female T2DM Luxembourg
36 105 42 male T2DM Luxembourg
37 88 54 female T2DM Luxembourg
38 71 55 female T2DM Luxembourg
39 82 52 male T2DM Luxembourg
40 105 70 male T2DM Luxembourg
41 65 53 female T2DM Luxembourg
42 82 54 male T2DM Luxembourg
43 70 54 male T2DM Luxembourg
44 90 73 male T2DM Luxembourg
45 66 57 male T2DM Luxembourg
46 118 63 male T2DM Luxembourg
47 107 79 male T2DM Luxembourg
48 132 47 female T2DM Luxembourg
49 109 66 male T2DM Luxembourg
50 55 82 female T2DM Luxembourg
51 89 52 male T2DM Luxembourg
52 110 71 male T2DM Luxembourg
53 97 72 female T2DM Luxembourg
54 90 61 male T2DM Luxembourg
55 69 69 female T2DM Luxembourg
56 105 62 male T2DM Luxembourg
57 72 68 male T2DM Luxembourg
58 122 54 female T2DM Luxembourg
59 70 70 male T2DM Luxembourg
60 125 31 female T2DM Luxembourg
61 78 64 male T2DM Luxembourg
62 92 67 male T2DM Luxembourg
63 69 56 female T2DM Luxembourg
64 92 76 male T2DM Luxembourg
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A.5 Tukey’s HSD test results

Table A.7: Tukey’s HSD test results for comparison of DBSAnalyzer results for GNG in healthy
controls with literature data.

Group 1 Group 2 adj. p-Value

This method Chandramouli et al. 1997 0.9
This method Katz & Tayek 1998 0.9
This method Landau et al 1998 0.385
This method Petersen et al 1996 0.751
This method Tayek & Katz 1996 0.9
Chandramouli et al. 1997 Katz & Tayek 1998 0.9
Chandramouli et al. 1997 Landau et al 1998 0.58
Chandramouli et al. 1997 Petersen et al 1996 0.765
Chandramouli et al. 1997 Tayek & Katz 1996 0.9
Katz & Tayek 1998 Landau et al 1998 0.662
Katz & Tayek 1998 Petersen et al 1996 0.715
Katz & Tayek 1998 Tayek & Katz 1996 0.9
Landau et al 1998 Petersen et al 1996 0.098
Landau et al 1998 Tayek & Katz 1996 0.751
Petersen et al 1996 Tayek & Katz 1996 0.448

Table A.8: Tukey’s HSD test results for comparison of DBSAnalyzer results for GP in T2DM
patients with literature data.

Group 1 Group 2 adj. p-Value

This method Tayek & Katz 1996 0.786

Table A.9: Tukey’s HSD test results for comparison of DBSAnalyzer results for GNG in T2DM
patients with literature data.

Group 1 Group 2 adj. p-Value

This method Tayek & Katz 1996 0.397
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