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SUMMARY   

a 

Summary 

The gastrointestinal tract is a complex bio-ecological system, consisting of multitude of microbes. 

Amongst other, the domain of bacteria accounting for the largest proportion of the gut environment, 

consisting of around 500 species and trillions of bacterial cells. The gut microbiome is an essential 

part of the mammalian system, exerting multiple biological and chemical functions. The gut 

microbiome possess an own genome, being 150 times larger than the genome of the mammalian host. 

The functional output of the exogenous genome is reflected by a dynamic transcription, translation 

into proteins and metabolism, which reacts to different factors, associated with the host or 

environment. Recently, the gut microbiome has been discussed to be involved in health or diseases 

issues. Substantial different microbiome communities were shown to be associated with diseases, 

influence host energy, and fat metabolism. A research area that is investigating the role of metabolism 

is called metabolomics. Metabolomics acts in a global and unbiased nature in order to explore the 

functional output – here in metabolites – and provide new insights and facilitates to generate new 

strategies. Our strategy was based on the application of metabolomics based methods, especially by 

means of ultra-high resolution mass spectrometry, that allows us to investigate multiple questions. The 

focus of the analyses was to reveal the metabolite spectrum – metabolome –of the gut microflora in 

the context of metabolic disorders. The particularity of thesis was to investigate the metabolome by 

analyzing the gastrointestinal content of mice to capture the metabolic complexity of the organ. The 

so-called meta-metabolome in the gut is a mixture of metabolites derived bacterial and host 

metabolism but also from food ingredients. We could show that the meta-metabolome is changed in 

type 2 diabetes and diet induced obesity. In a mouse model of type 2 Diabetes, we could unveil the 

importance of fatty acid metabolism due to altered beta-oxidation. Additionally, we could reveal that 

taurine and sulfate conjugates of fatty acids, oxylipins, and bile acids were important in discrimination 

of meta-metabolome between diabetic and healthy mice. In the study of diet-induced obesity, we could 

also analyze a certain meta-metabolome signature. Here, we reported the importance of several taurine 

conjugates of C24 and C27 bile acids, endocannabinoids, but also several other bacterial metabolites 

including urobilinoids and lignane catabolites. We successfully showed that metabolomics is a 

powerful tool in systems biology in order to investigate different aspects of health or diseases related 

issues. 

 



 

 

Zusammenfassung 

Der Darm ist ein komplexes bio-ökologisches System, bestehend aus einer Vielfalt von 

Mikroorganismen. Zu diesen gehören unter anderen Bakterien, die im Darm aus rund 500 Spezies und 

Billionen von bakteriellen Zellen bestehen und damit den größten Anteil der Darmflora ausmachen. 

Das Darmmikrobiom ist ein essentielles Mitglied des Säugetiers, welches verschiedene biologische 

und chemische Funktionen ausübt. Das Darmmikrobiom besitzt ein eigenes Genom, das 150-mal 

grösser ist, verglichen zum Genom des Wirtes, welches eine dynamische Transkription, 

Proteinbiosynthese und Stoffwechsel betreibt, als eine Reaktion auf verschiedenste Faktoren, die mit 

dem Wirt oder der Umwelt assoziiert wird. Seit kurzem, werden das Mikrobiom und dessen Funktion 

in verschiedensten Krankheiten diskutiert. Es wurde gezeigt, dass die mikrobielle Gemeinschaft sich 

substanziell unterscheidet und bestimmte bakterielle Gemeinschaften mit Erkrankungen assoziiert 

werden wie Adipositas und ein Einfluss auf den Energie und Fett Metabolismus des Wirtes ausüben. 

Ein Forschungsgebiet der sich primär mit dem Metabolismus beschäftigt ist Metabolomics. 

Metabolomics versucht in einer globalen und unvoreingenommenen Art die Funktion der Metabolite 

zu erforschen und gegebenenfalls neue Ansätze vorzuzeigen. Unsere Hypothese war, dass uns die 

Anwendung der Metabolomics basierten Methoden, besonders der ultrahoch auflösenden 

Massenspektrometrie, uns erlaubt verschiedenste Fragestellungen zu analysieren. Der Fokus diese 

Fragen lag hier speziell in der Analyse des Metaboliten Spektrums – Metabolom –der Darmflora zu 

ergründen, mit dem Schwerpunkt auf Stoffwechselerkrankungen. Die Besonderheit der Arbeit lag 

darin, dass zur Erforschung des Metaboloms, der Inhalt des Mausdarms zur Detektion herangezogen 

wurde um die metabolische Komplexität zu erfassen. Das sogenannte Meta-metabolom im Darm ist 

eine Mischung aus Metaboliten, die aus dem Stoffwechsel des Wirtes, der bakteriellen Gemeinschaft 

und Nahrungsbestandteilen stammt. Wir konnten zeigen, dass das Meta-metabolom in Typ 2 Diabetes 

aber auch in Diät-induzierten Adipositas verändert ist. Dabei sind verschiedenste Arten von 

Metaboliten-Klassen verändert gewesen, die den Status reflektiert haben. In dem verwendeten 

Diabetes Mausmodell scheinen vor allem Fettsäuren eine wichtige Rolle zu spielen, als ein Resultat 

von veränderter ß-Oxidation. Zusätzlich, konnten wir entdecken, dass Taurin- und Sulfatekonjugate 

von Fettsäuren, oxidierte Fettsäuren und Gallensäuren einen immensen Beitrag zur Unterscheidung 

zwischen diabetischen und gesunden Mäusen führen. In der Diät-induzierten Adipositas Studie 

ausgeführt in zwei verschiedenen Mausmodellen konnten wir auch eine bestimmte Meta-metabolom 

Signatur aufzeigen. Hier scheinen vor allem taurinkonjugierte C24 und C27 Gallensäuren, 

Endocannabinoide, bakterielle Metabolite wie zum Beispiel Urobilinoide und Lignane eine wichtige 

Rolle zu spielen. Wir konnten erfolgreich zeigen, dass Metabolomics, als ein Teil der Systembiologie 

eine wichtige Rolle in der Erforschung von zahlreichen Fragestellungen des Stoffwechsels darstellt. 



 

 

Chapter I 

GENERAL INTRODUCTION 

Metabolomics to decipher the role  

of gut microbiome 

Considering that gut microbiome consists of five hundreds of species and contains 10 times 

higher number of bacteria cells than our own (Sommer and Backhed 2013), 

always remember: 

You ‘ll never walk alone 
(Oscar Hammerstein II 1945) 
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Chapter I 

1 General Introduction 

1.1 Metabolomics 

The Term of “Metabolomics” and the related term “Metabonomics” rose up in the late of 90’s 

(Nicholson, Lindon et al. 1999, Fiehn 2002). This field is now rapidly growing and 

complementing other “-OMICS” techniques such genomics, transcriptomics and proteomics, 

accounting to the field of systems biology. Thereby metabolomics reflects the functional 

output of an organism due to different stimuli, related to health or disease topics, including 

endogenous, xenobiotic, nutritional or bacterial derived compounds (Nicholson and Wilson 

2003). But before all upcoming –Metabol - “OMICS” terms metabolome was used firstly to 

describe and define parallel to the transcriptome and proteome the functional output of 

metabolites due to genetic modifications in yeasts (Oliver, Winson et al. 1998). Metabolome 

is defined as – a full set of metabolites within, or that can be secreted by a given cell type of 

tissues (Nicholson and Wilson 2003) -. 

Metabolomics aims the – comprehensive unbiased analysis of all metabolites in a 

biological system with their identification and quantification (Fiehn 2002) -.  

Metabonomics is defined as – the quantitative measurement of the multivariate 

metabolic responses of multicellular systems to pathophysiological stimuli or genetic 

modifications (Nicholson, Lindon et al. 1999, Nicholson and Wilson 2003) –. 

Another existing discrimination strategy in the field of metabolomics is the way to 

look on the metabolite responses: targeted or non-targeted (untargeted) analyses. 

The targeted analysis is also often referred as targeted metabolomics or metabolic 

profiling and belongs to the bottom-up approach in systems biology. Metabolic profiling is 

defined as – the quantification of a pre-defined set of metabolites, metabolite classes or 

metabolic pathways (Fiehn 2002) -. In fact, the targeted approach should not be a part of 

metabolomics, because the limitation to a certain pre-defined set of metabolites is de facto 

contradictory to the original aim in metabolomics to identify and quantify all metabolites. 



 

 

Otherwise, any of the existing analytical techniques used for metabolomics studies are able to 

measure or to claim to identify and quantify all metabolites.  

The non-targeted analysis often called non-targeted or untargeted metabolomics is a 

top-down approach in systems biology used for investigation of metabolites without prior 

limitations and acts in an unbiased way, thereof evaluating global metabolite responses to 

biological interventions or diseases (Nicholson, Lindon et al. 1999). This approach allows 

revealing new metabolite classes or pathways. Metabolic fingerprinting is one of the non-

targeted metabolomics approaches that aims – the classification of samples based on 

metabolite patterns due to biological questions or interventions without quantification (Fiehn 

2002) -. This term should not be interchanged with the metabonomics term – which aims the 

quantification of metabolic responses.  

The term of meta–metabolomics is an extension of non-targeted metabolomics and 

aims - the (semi)-quantitative analysis of metabolite patterns in a complex host - microbiome 

system (including multiple partners) and identify metabolic networks related to health or 

disease issues (Turnbaugh and Gordon 2008) -.  

Originally, metabolomics studies aimed to investigate drugs toxicity and evaluate their 

impact on the subjected metabolism (Robertson, Watkins et al. 2011). Nowadays the field of 

metabolomics is investigating different topics and issues embedding a wide variety of 

questions related to health or disease (Holmes, Wilson et al. 2008). 
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1.2 Technologies in metabolomics 

One of the popular and widely used techniques for studying metabolite responses and patterns 

in the metabolomics field is 
1
H NMR spectroscopy (proton nuclear magnetic resonance) that 

were initially used in the field of metabolomics. However, the emerging technique of mass 

spectrometry (MS) and their hyphenation with different separation techniques provides a 

second powerful tool in the research of metabolomics. The separation techniques coupled to 

the MS includes gas chromatography (GC), liquid chromatography (LC) or capillary 

electrophoresis (CE).  

1.2.1 Mass Spectrometry 

An MS system is mainly composed of ion generating and mass-analyzing components. It 

gives us information about the elemental composition of molecules and their structures. It 

does this in three steps namely ionization of the molecules, mass filtration and mass detection. 

There is either two ways to do this by using an electric or a magnetic field. In a traditional 

mass spectrometer, a large electromagnet is to deflect a beam of ions. By changing the current 

in the coils of the magnet, ions with different charge-to-mass ratio can be stilled through the 

instrument to record the mass spectrum. With powerful magnet, very high resolution can be 

achieved which allows us to study low and/or high molecular weight molecules in more 

complex biogeochemical mixtures. 

Accordingly, the existing ionization techniques that can be hyphenated to a mass spectrometer 

are chemical ionization (CI), electron ionization (EI) or atmospheric pressure ionization 

including the electrospray ionization (ESI), chemical ionization (APCI) and the photo 

ionization (APPI). However, ESI is the most commonly used ionization technique that serves 

as an interface between LC and MS for performing metabolomics studies. There is a broad 

spectrum of mass analyzers ranging from low to high resolution and resolving power – 

including ion trap, quadrupole, time of flight, orbitrap and Fourier transform ion cyclotron 

resonance mass analyzer systems (Forcisi, Moritz et al.). In this thesis work, two types of 

mass analyzers namely Fourier transform ion cyclotron resonance and time of flight MS 

systems were used to investigate metabolomics studies.  



 

 

1.2.1.1 Fourier transform ion cyclotron resonance mass spectrometry 

(FT-ICR-MS) 

Fourier transform ion cyclotron resonance mass spectrometry (FT-ICR-MS) is well known by 

its high resolution and mass accuracy (Marshall, Hendrickson et al. 1998). A mass resolving 

power from 45.000 to 600.000 can be reached in full scan mode in a mass range of 0.4 Da at 

m/z 411 with a mass error ≤ 100ppb (Schmitt-Kopplin, Gelencsér et al. 2010). Such 

advantages allow concrete molecular formula assignment of the detected mass signals and 

therefore better molecular and elemental classification of studied mixture samples of complex 

samples but also biological matrices and makes this instrument suitable for metabolomics 

studies (Brown, Kruppa et al. 2005, Schmitt-Kopplin, Gabelica et al. 2010, Tziotis, Hertkorn 

et al. 2011, Daniel, Gholami et al. 2013). Ionizable organic compounds can be resolved 

without prior chromatographic separations. Here, a 12 Tesla solariX™ (Bruker Daltonics, 

Bremen, Germany) mass spectrometer, equipped with an Apollo II ESI source were used for 

the acquirement of the FT-ICR mass spectra and subsequent molecular formula assignment. A 

schematic description of the FT-ICR-MS instrument is shown in Figure 1-1.  

 

Figure 1-1 Schematic overview of FT-ICR-MS instrument (adapted from solariX™ user manual 

revision 1, Bruker Daltonics GmbH) 

An FT-ICR-MS is assembled of three essential parts, the ionization source, the ion optics and 

the ICR cell, surrounded by a superconducting cryomagnet (Figure 1-1). The ions are 

generated by ESI source and forwarded into the FT-ICR-MS instrument under atmospheric 

pressure (~3 mbar). A deflector guides the ions and forward to ion funnels, passing an 

octapole unit, where the ions are transferred and focused. The formed ions packages were 

defined by using a mass selector - here, a quadrupole - (quadrupole in Figure 1-1). 
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Afterwards, the ions are guided to a multipole that could be coevally used for mass 

fragmentation experiments or full scan MS acquisitions (collision cell in Figure 1-1). In MS 

experiments, the ions are accumulated in a pre-selected time in the multipole unit and 

forwarded to the ICR-cell – the actual mass analyzer-. Before attainment the ICR-cell, several 

turbo pumps were turned on to adjust the overall pressure of the FT-ICR-MS instrument, 

which also ascertain the resolving power of the MS instrument (Gross 2011). Accordingly, the 

key part of all FT-ICR-MS instruments is the ICR-cell, where trapping, excitation and 

detection of the produced ions are conducted. An ICR-cell is essentially composed of several 

compartments, consisting of front and back plates liable to the trapping of ions. Moreover, the 

device of any ICR-cell is consisting of two principal parts namely excitation and detection 

plates. Thus, the ions trapped in the ICR cell are subjected to a spatial uniform magnetic field 

- here, 12 Tesla - that forces the ions to move circularly in the ICR-cell following an ion 

cyclotron motion (Marshall, Hendrickson et al. 1998). The radius of ions moving circularly in 

the ICR-cell is dependent on the mass, its charge and the applied magnetic field. Still, this 

circular movement is not enough and not applicable to detect the ions (Marshall, Hendrickson 

et al. 1998, Gross 2011). Additionally, the excitation units of ICR-cell plates apply an electric 

field and force ions to increase their moving radius with a spiral like movement (Gross 2011). 

This happens through setting a transverse electric field that excites the ions mass-selectively, 

resulting that ions reaching their resonance will move to a higher orbit and can be detected. 

The radius of ions in the higher orbit remains stable during the detection. The frequency is 

dependent on size of the excited ions. The detector units are measuring induced images 

currents that evolve through the circulating ions that exceed the detector plates. Then, so 

called free induction decay derived due the cyclotron motion is translated and calculated by a 

Fourier transformation into a mass signal (Marshall, Hendrickson et al. 1998, Gross 2011). 

The principle of ion cyclotron resonance ICR is extensively reported by several authors over 

the past two decades (Marshall and Grosshans 1991, Marshall, Hendrickson et al. 1998, 

Marshall 2000, Heeren, Kleinnijenhuis et al. 2004).  

1.2.1.2 Time of flight mass spectrometry (TOF-MS) 

The second mass analyzer performs with time of flight (TOF) principle (Scheme in Figure 

1-2), here the maXis™ MS (Bruker Daltonics GmbH). The separation of the generated ions is 

due to the time of flight ions need, which is given by their size – bigger ions need longer time 

to travel comparing to smaller ions -. The ions generated by ESI, are passing different stages 

in the orthogonal TOF-MS system. The first part after ionization performed by ESI is the 



 

 

stage part where ions are transferred by ion funnels, focusing the generated ions by a 

multipole and reducing the pressure from ambient environment to 3x10
-4 

mbar by turbo 

pumps. The transfer and focus part is followed by a quadrupole mass analyzer and cooling 

cell (Figure 1-2; 1 and 2). Whereas the collision cell part is serving as a mass filter prior 

fragmentation experiments (MS/MS) or further focusing in a full scan rate MS experiments. 

The collision/cooling cell can be used in MS experiments for further transfer and focusing by 

decreasing pressure. In MS/MS experiments with collision-induced dissociation (CID) with 

nitrogen and afterwards the cooling cell rebalance, the increased pressure resulted due to CID 

experiments. The last part the TOF-MS - the actual mass analyzer - is shown in Figure 1-2, 

consisting of accelerator, reflector and detector units, with a pressure of 1x10
-7

 mbar. The 

accelerator part is responsible for pushing the incoming ions orthogonally to the reflector, 

where also the determination of the mass value is taking part due to flying path time from 

accelerator to detector (drift time, grey arrow). The reflector compensates different kinetic 

energies from ions with the same mass and correct thereby the time of flight and increases the 

resolving power (Gross 2011). Finally, the detector converts the ion signals into electrical 

signals, which is transferred to a digitizer.  

  

Figure 1-2 Scheme of orthogonal TOF-MS (adapted from maXis™ user manual version 1.1, 

Bruker Daltonics GmbH) 
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1.3 Gut microbiome 

The intestine of a mammalian system is a complex mixture of trillions of bacteria consisting 

of around hundreds of different species. The microbiome is the - sum of the microbial 

genomes and their environmental interactions (Turnbaugh and Gordon 2008) – here with the 

focus on the intestinal ecosystem. The intestinal ecosystem is a term that is defined as a - 

complex biological system comprising interrelated factors which counteract in an equal and 

contrary degree in such a way as to maintain or re-establish equilibrium (Zoppi 1997) -. The 

intestinal microbiome such as of humans consists of 100 trillions of bacteria; each individual 

harbors at least 150 bacterial species and the pan-genome is 150 times larger than the human 

genome (Medini, Donati et al. 2005, Qin, Li et al. 2010). Gut microbiome exerts strong 

influences on host functions either in positive or negative manner. The gut microbiome can be 

regarded as a metabolic active organ within the host, providing compounds serving as an 

additional energy source (Bergman 1990), maintaining the intestine function (Hooper and 

Gordon 2001), regulating the host immune system (Kau, Ahern et al. 2011), but is also 

involved in diseases (Bäckhed, Ding et al. 2004). Recent development of gut microbiome 

analyses such as culture - independent 16S ribosomal DNA sequencing or 454 

pyrosequencing facilitates the research of the gut microbial communities and their functions. 

Bäckhed et al. revealed the importance of the gut microbiome and its function in obesity and 

insulin resistance (Bäckhed, Ding et al. 2004). Colonization of germfree mice resulted in 

substantial regulation of the host energy metabolism and fat storage. Turnbaugh et al. could 

highlight also the metabolism of gut microbiome, comparing short chain fatty acids (SCFAs) 

between obese and their lean controls, implying the important role of small metabolites (Ley, 

Bäckhed et al. 2005, Turnbaugh, Ley et al. 2006). SCFAs are one group of metabolites 

exhibiting many important biological functions such as an energy source for colonic cells 

(Bergman 1990). As a consequence of the pioneer studies of Bäckhed et al. and Turnbaugh et 

al. the role of gut microbiome has been questioned and implicated in the pathogenesis of 

nutritional diseases such as obesity (Ley, Bäckhed et al. 2005), endocrine disturbances such as 

insulin resistance or type 2 diabetes (Larsen, Vogensen et al. 2010, Geurts, Lazarevic et al. 

2011). Also, distinct gut microbiome communities were reported in atherosclerosis (Koren, 

Spor et al. 2011), nonalcoholic fatty liver disease (Henao-Mejia, Elinav et al. 2012), 

inflammatory bowel diseases (IBD) (Manichanh, Rigottier-Gois et al. 2006, Willing, 

Dicksved et al. 2010), colorectal cancer (Scanlan, Shanahan et al. 2008, Castellarin, Warren et 

al. 2012), allergy (Abrahamsson, Jakobsson et al. 2012), irritable bowel syndrome (Rajilić–



 

 

Stojanović, Biagi et al. 2011), celiac disease (Di Cagno, De Angelis et al. 2011), liver diseases 

(Henao-Mejia, Elinav et al. 2012), kidney disorders (Vaziri, Wong et al. 2013) and infections 

(Lupp, Robertson et al. 2007). The implication of gut microbiome was also discussed for 

neurodegenerative disorders such as multiple sclerosis (Berer, Mues et al. 2011). In summary, 

gut microbial community changes were reported in a diversity of diseases we have to be 

aware and re-think about the cause or the consequence of different microbiome communities 

(Johnson and Olefsky 2013). Gut microbiome is highly variable between (inter-individual) 

species, influenced and shaped by diet (Hildebrandt, Hoffmann et al. 2009), antibiotics 

(Pérez-Cobas, Gosalbes et al. 2012), probiotics (Dinoto, Suksomcheep et al. 2006) and 

prebiotics (Pan, Chen et al. 2009) but also age (Mariat, Firmesse et al. 2009). The habitants of 

the intestine are called commensals and the main domain is the bacteria (Hooper and Gordon 

2001). Mammals are dominated by two main phyla of bacteria, consisting of Bacteriodetes 

and Firmicutes, whereas the Bacteriodetes are mainly associated with healthy status and 

Firmicutes are more related to the disease state. This is often referred by observing the ratio 

between these main phyla but it has to be mentioned that also inconsistent results were 

reported such as for Duncan et al. no changes of this ratio were observed in obesity (Duncan, 

Lobley et al. 2008). Recently, the so-called enterotypes consisting of three genera: 

Bacteroides, Prevotella and Ruminococcus were reported in humans and accompanied by 

different functionalities, evaluated by metagenome analyses (Arumugam, Raes et al. 2011). In 

rodent studies two distinct enterotypes were reported by Hildebrand et al. by observing 

commonly used laboratory mice strains, they showed different microbial communities at 

phylum and genera level (Hildebrand, Nguyen et al. 2013, Krych, Hansen et al. 2013). In 

rodent studies several other factors amongst host genotypes were discussed to contribute and 

shape the microbial community including strong caging effects, maternal transmission, inter-

individual variance, antibiotics and diet (Arthur, Perez-Chanona et al. 2012, Ubeda, Lipuma et 

al. 2012, Hildebrand, Nguyen et al. 2013).  
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1.3.1 Application of metabolomics to study the impact of gut 

microbiome 

The complexity given in the intestine of a mammalian and thereof of the circulating 

metabolome in the intestine is shown in Figure 1-3. In the intestine different systems are able 

to perform metabolism and produce metabolites (M). In the gut lumen the metabolome is a 

complex mixture of metabolites derived from bacteria (~500 species) (Sommer and Backhed 

2013), food derived compounds, metabolites circulating from gut to the host and vice versa – 

the so called entero-hepatic system - metabolites coming from the gut epithelium, which 

consists also of different types of cells (here exemplary enterocytes and M-cells). Thereby, the 

above mentioned and defined meta-metabolome, which is given in this complex environment 

can influence the gut microbiome community and vice versa. Interactions of different species 

may enhance or suppress the abundance of others (Samuel and Gordon 2006).  

 

Figure 1-3 A complex environment in the intestine and their meta-metabolome, consisting of 

circulating metabolites (M) originating from food, host and bacteria  

The discrimination of host or gut microbial derived metabolites is truly one of the topics 

concerned in metabolomics, hence the given complexity in organisms such as mice, rats or 

humans, consisting of the host itself and their microbiome, here with the focus on the 

intestinal tract. Therefore, impact of gut microbiome on metabolism was studied primarily by 

using germfree mice and mice treated with antibiotic drugs. There are several original studies 

and reviews about host microbial co-metabolism and which metabolites are categorized in this 

area. Before inventing and calling it metabolomics, several studies were performed to study 

the impact of gut microbiome in drug metabolism (Bakke, Gustafsson et al. 1980) but also 



 

 

endogenous metabolites such as bilirubin (Gustafsson and Lanke 1960) or phenolic 

compounds (Goodwin, Ruthven et al. 1994) or tyrosine (Curtius, Mettler et al. 1976) or 

isoflavones and lignans (Bowey, Adlercreutz et al. 2003) were investigated. The first global 

metabolomics approach to study the interaction between host and gut microbiota - after 

calling it metabolomics - was performed using 
1
H NMR techniques happened 2002 by 

Williams et al. (Williams, Eyton-Jones et al. 2002) with antibiotic treated rats (1) and 

followed by Nicholls et al. using urine from germfree (GF) rats (2) (Nicholls, Mortishire-

Smith et al. 2003). [Both studied the impact of gut microbiota on metabolites by 
1
H NMR 

either using antibiotics or germ free animal study design [(1) times cited ISI Web of 

Science®: 55 or (2) cited ISI Web of Science®: 100 (date 6/12/2013)]. Thus, to study the 

impact of gut microbiome and their metabolism the application of GF rodents, following their 

acclimatization or comparing to their conventional controls is truly very helpful to understand 

the evolving host microbial interactions (Goodwin, Ruthven et al. 1994, Nicholls, Mortishire-

Smith et al. 2003, Claus, Tsang et al. 2008). Moreover, going further the colonization of GF 

mice with one single species provides specifically the functional role of the colonized species 

and the impact on the host - microbial interactions (Martin, Wang et al. 2007, Marcobal, 

Kashyap et al. 2013). There are plenty of metabolomics studies given that approached to 

investigate the impact of gut microbiome either using GF or antibiotic treated mice (Claus, 

Tsang et al. 2008, Martin, Wang et al. 2009, Wikoff, Anfora et al. 2009, Velagapudi, Hezaveh 

et al. 2010, Antunes, Han et al. 2011, Chuang, Huang et al. 2012, Lee, An et al. 2012, 

Matsumoto, Kibe et al. 2012, Marcobal, Kashyap et al. 2013, Sun, Schnackenberg et al. 2013, 

Zhao, Wu et al. 2013). But using the germfree design needs to be considered carefully 

because there are a lot of factors differ between GF and “normal” mice, which is not only 

absence of the gut microbiome (Wostmann 1981).  

1.3.2 Gut microbial metabolites 

BRIEFLY, changes of gut microbial metabolism are observed and associated with several 

metabolite classes concerning SCFAs such as butyrate acetate, propionate, methylamines (Al-

Waiz, Mikov et al. 1992, Dumas, Barton et al. 2006), phenolic metabolites (Goodwin, 

Ruthven et al. 1994) such as hippurate following by bile acids (BAs) (“re-promoted” and 

focused by Nicholson et al. 2003 (Nicholson and Wilson 2003) and other gut microbial 

metabolites, summarized comprehensively by Nicholson et al. (Holmes, Li et al. 2011, 

Nicholson, Holmes et al. 2012). In detail, gut microbial metabolites are phenylacetylglycine 

(PAG), trimethylamine-N-oxide (TMAO), 3-hydroxypropionic acid (3-HPP),  
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4-hydroxypropionic acid (4-HPP), trimethylamine (Goodwin, Ruthven et al. 1994), hippurate, 

m-hydroxyphenylpropionic acid (m-HPPA) (Williams, Eyton-Jones et al. 2002), which was 

confirmed by Claus and Tsang et al. (Claus, Tsang et al. 2008), showing decreased levels of 

hippurate, PAG, 4-HPP and 3-hydroxycinnamic acid (3-HCA). Later on, confirmed through 

GF studies BAs especially deoxycholic acid, lithocholic, hyodeoxycholic and ω-muricholic 

acid were discussed as co-metabolites derived from gut microbiome (Nicholson and Wilson 

2003, Nicholson, Holmes et al. 2005). Not only unconjugated BAs were associated with gut 

microbiome abundance but also taurine and glycine conjugated BAs appeared to be important 

comparing GF and conventional rodents (Claus, Tsang et al. 2008, Swann, Want et al. 2011). 

The deconjugation of BAs through bacteria results in their recirculation in the entero-hepatic 

system, affects thereof the host metabolism hence bile acids are known to exhibit many 

biological functions in the host, affecting energy metabolism through receptor dependent 

actions (Watanabe, Houten et al. 2006). The action of BAs was performed through TGR5 

dependent signaling and brown adipose tissue is a key organ where BA signaling occurred 

(Watanabe, Houten et al. 2006). BAs were not only implicated into regulating host physiology 

but were also observed to be influenced but also to influence the microbial communities 

(Islam, Fukiya et al. 2011). Further performed GF studies confirmed but also provide a greater 

overview and insight in host microbial metabolome impact (Wikoff, Anfora et al. 2009, 

Velagapudi, Hezaveh et al. 2010). Recently, endocannabinoids (such as 2-

arachidonoylglycerol: (2-AG) or arachidonoylethanolamine (AEA) were reported to play an 

important role as the endocannabinoid system. The endocannabinoid tone was shown to be by 

the gut microbiome, showing a linkage between the intestinal tract, gut microbiome and the 

brain axis (Muccioli, Naslain et al. 2010, Velagapudi, Hezaveh et al. 2010).  
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Figure 1-4 Examples of co-microbial metabolites: SCFAs = short chain fatty acids, DCA = 

deoxycholic acid, TMAO = trimethylamine-N-oxide, PAG = phenylacetylglycine, TCA = 

taurocholic acid, hippurate and 2-AG = 2-arachidonoylglycerol 

1.3.2.1 The prediction of KEGG meta - metabolome 

To enlarge the existing knowledge about co-microbial metabolites in the literature we were 

using a powerful method by accessing information given in databases. In order to illustrate the 

complexity of the meta-metabolome we used exemplary the Kyoto Encyclopedia of Genes 

and Genomes (KEGG) database, which possesses complete genomes of 192 eukaryotes, 2451 

bacteria and 160 archae (date: 8/28/2013) and contains a large library of metabolites (KEGG 

compound database) linked with the genome information and thereof with the species. Here, 

we examine the host – microbial metabolome by including the host – Mus musculus (MMU) – 

as the main study object of this thesis and nine representatives of the bacterial kingdom. Two 

main divisions are present in mammalian system including Bacteriodetes and Firmicutes: 

Bacteriodetes vulgatus (BVU), Eubacterium rectale (ERE), Akkermansia muciniphila 

(AMU), Bacteroides fragilis YCH46 (BFR), Bacillus subtilis subsp. subtilis 6051-HGW 
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(BSH), Bacteroides thetaiotaomicron (BTH), Clostridium acetobutylicum (CAC), 

Escherichia coli K-12 MG1655 (ECO) and Faecalibacterium prausnitzii L2-6 (FPR). Based 

on this we could build a pseudo - “phylogenic” dendrogram with the KEGG metabolome, 

shown in Figure 1-5 consisting of 2236 metabolites. Solely the presence or absence of 

metabolites of chosen species drives the similarity or dissimilarity between the species.  

 

Figure 1-5 “Phylogenic” dendrogram reconstructed from the KEGG meta-metabolome, 

including one mammalian and nine different bacterial species, clustered due to their 

metabolome similarities derived from KEGG database; Venn diagram: comparison of three 

metabolomes of Mus musculus (MMU), Bacteriodetes vulgatus (BVU) and Eubacterium rectale 

(ERE) 

Additionally, we compared their metabolomes of MMU, BVU and ERE and we could observe 

common but also unique metabolites, shown in a Venn diagram (Figure 1-5). Moreover, we 

mapped all common metabolites of the ten species into metabolic pathways of KEGG, shown 

in Figure 1-6, showing the diversity of meta-metabolome involved in different metabolic 

pathways with different metabolite classes (Figure 1-6).  



 

 

 

Figure 1-6 KEGG metabolic pathways representing the common meta-metabolome of 10 

different species including mammalian organism and bacteria 

Thus, the KEGG database provides a powerful tool in order to obtain information about host 

and microbial metabolome compared to the extensive literature mining. Nevertheless, we 

need to be aware of the incompleteness of databases. For example the citrate cycle (TCA) is 

incomplete including KEGG but also other common used databases (Stobbe, Houten et al. 

2012). An example of a bacterial metabolite is enterolactone that is derived through bacterial 

conversion of dietary lignans. Searching the KEGG database this metabolite is not linked to 

taxonomic, genomic or enzyme information (KEGG compound ID: C18165). Another example 

is conversion from D-urobilinogen (KEGG compound ID: C05791) to D-urobilin (KEGG 

compound ID: C05795) which is also discussed to be of bacterial nature especially of 

Clostridum genus (Vítek, Zelenka et al. 2005). The conversion of D-urobilinogen to D-

urobilin is not accompanied with any enzyme information and thus no taxonomic information 
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is given in the KEGG database. A careful usage of literature mining and database knowledge 

should be applied in order to emphasize host and gut microbial meta-metabolome. 

1.3.3 Co - microbial metabolism in diseases 

LATER ON, using the information about co - microbial metabolites the patterns of metabolites 

was investigated particularly related to different diseases; hence the gut microbiome appears 

to play an important issue in several diseases (Sekirov, Russell et al. 2010). Overall, 

association of known host-gut microbial derived metabolites in different diseases, observing 

“the usual suspects” of co-metabolites. First, metabolomics studies of IBDs including Crohn’s 

disease and ulcerative colitis were performed primarily without observing specific co-

metabolites but then shifting over to include both host and microbial metabolism (Marchesi, 

Holmes et al. 2007). The reason for performing gut microbial metabolomics in IBDs is that 

these diseases are mainly influencing the intestinal tract and their ecosystem. Thereby, the 

etiology of IBDs is likely driven through a dysbiosis - an imbalance between commensal and 

harmful bacteria (Zoppi 1997) -. Different co-metabolites were observed in IBDs including, 

small polar metabolites such SCFAs, several methylamines, bile acids, hippurate, 4-cresol 

sulfate, indoxylsulfate and TMAO (Marchesi, Holmes et al. 2007, Murdoch, Fu et al. 2008, 

Jansson, Willing et al. 2009, Martin, Rezzi et al. 2009, Williams, Cox et al. 2009, Lin, Helsby 

et al. 2011). Amongst IBDs, there are several other diseases impacting the health status of the 

gastrointestinal tract, affecting miscellaneous parts of the intestine (International Statistical 

Classification of Diseases and Related Health Problems 10
th

 Revision of World Health 

Organization (WHO 2010)). Taking the ICD-10 classification of digestive system disorders, 

we could find several metabolomics studies performing the investigation of metabolites in 

gastrointestinal disorders. Another gastrointestinal disorder named the irritable bowel disease 

was also associated with distinct microbiome structures and metabolomes, including co-

microbial metabolites such as HPPA, hydroxycinnamic acid, tryptamine and putrescine. 

Among those, putrescine alone is linked to bacterial protein degradation (Li, Ashrafian et al. 

2011, Ponnusamy, Choi et al. 2011). A disease of the upper part of digestive system called 

Barrett’s esophagus that can influence the incidence of esophageal cancer were studied in 

human objects by means of 
1
H-NMR metabolomics approach resulting in co-microbial 

metabolites such as acetate, formate, dimethylamine, TMAO, indoxylsulfate (Davis, Schiller 

et al. 2012). Gastric ulcer in experimental rodent studies were also investigated showing the 

involvement of co-microbial metabolism including hippurate, dimethylamine and acetate 



 

 

(Um, Park et al. 2012). Constipation was also linked to metabolome changes but none of them 

was related to co-microbial metabolites (Rodriguez, Roberts et al. 2013). Celiac disease is an 

autoimmune disorder, which manifests in hypersensitivity against gluten derived from diet. 

Moreover, applied metabolomics studies showed co-microbial metabolites such as m-HPPA, 

indoxylsulfate and PAG (Bertini, Calabrò et al. 2008). A further disorder of the 

gastrointestinal tract, classified by ICD-10 into neoplasm is cancer that can affect all parts of 

the tract. Here, metabolomics studies were performed studying esophageal, gastric and 

colorectal studies (Ikeda, Nishiumi et al. 2012). Concerning the esophageal cancer none of the 

given metabolomics studies could show co-microbial metabolites (Wu, Xue et al. 2009, Ikeda, 

Nishiumi et al. 2012, Zhang, Xu et al. 2013). However, one study applying 1H-NMR 

metabolomics could show several co-microbial metabolites involved in the esophageal cancer 

discrimination including 4-HPPA, SCFAs, hippurate, acetate, formate, trimethylamine and 

dimethylamine (Wu, Xue et al. 2009). In a xenograft mouse model of human gastric cancer a 

research group could report the involvement of TMAO, hippurate, 3-indoxylsulfate and 

trimethylamine (Kim, Yang et al. 2012). Colorectal cancer was also associated with co-

microbial metabolites including p-cresol, hydroxyhippurate, phenylacetate, 

phenylacetylglutamine, p-hydroxyphenylacetate, tryptamine, putrescine, hippurate and m-

HPPA amongst several other metabolites (Qiu, Cai et al. 2010).  

The question of the link between bacterial metabolism and non-intestinal diseases associations 

such as of obesity or type 2 diabetes (Williams, Lenz et al. 2005) or fatty liver diseases 

(Dumas, Barton et al. 2006) was investigated since different microbial communities were 

shown for colonized GF mice or ob/ob mice (Bäckhed, Ding et al. 2004). Co-microbial 

metabolites such as methyl, dimethyl-, trimethylamine, p-cresol, m-HPPA, m-HPPA sulfate, 

phenylsulfate and hippurate were found in rodent models of T2DM including db/db mice or 

fa/fa rats (Williams, Lenz et al. 2005, Waldram, Holmes et al. 2009, Connor, Hansen et al. 

2010). Atherosclerosis was shown to be promoted by TMAO (Wang, Klipfell et al. 2011). 

Nonalcoholic fatty liver disease was associated with different co-microbial signatures 

including several methylamines, TMAO but also bile acids such as glycocholate, taurocholate 

and glycochenodeoxycholate (Dumas, Barton et al. 2006, Kalhan, Guo et al. 2011). Co-

microbial metabolites were also reported in parasitic infections (Wang, Holmes et al. 2004). 

Microbial metabolism was also observed in drug-toxicity studies applying 
1
H-NMR 

techniques (Connor, Wu et al. 2004, Ohta, Masutomi et al. 2009). As mentioned above, 

distinct gut microbiome community was shown for a plenty of disorders, which is likely 

concordantly followed by different microbial metabolites. Systemic responses to altered gut 
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microbiome are reflected in host metabolome and as mentioned above different metabolites 

can be associated with an altered gut microbiome community and measured in plasma but 

also urine samples. Biological matrices used as readouts of metabolite patterns of gut 

microbial impact were dominated through plasma and urine analyses. A small number of 

metabolomics studies were performed by using the intestinal matrices. Maybe the reason of 

this is that plasma/serum or urine samples are established matrices and well known for usage 

in clinical practice and they are fluids and easy to handle, compared to fecal samples. 

Applying an ISI Web of Science® search containing metabolomics (metabolom*; date of 

search 9/12/2013) and 19 different terms used in gastrointestinal and gut microbial research, 

shown in Figure 1-7. The number of found original publications was not greater than 200 

whereas about 177 articles were found for gut and metabolom*, followed intestine or 

intestinal and colon or colonic term in conjunction with metabolom*. There are around 98 

articles combining the research of gut microbiota and metabolomics (Figure 1-7).  

 

Figure 1-7 A Number of original articles found within the ISI Web of Science® search 

containing metabolom* and several terms of gastrointestinal research area; B: Number of 

published articles in year (2004-2013/9/12/2013) for metabolom* and colon or colonic search 

term; C: B: Number of published articles in year (2004-2013/9/12/2013) for metabolom* and 

feces or fecal search term 

Looking in the detail, the rise of interest studying metabolomics with colon or colonic terms 

started at 2004 (Figure 1-7, B) with the major interest in colon cancer as reflected in most 



 

 

cited paper in this publication of Hirayama et al. investigating metabolites in stomach and 

colon cancer (Hirayama, Kami et al. 2009). Fecal metabolomics has his beginnings in the year 

of 2007 (Figure 1-7, C). Here, the most cited publication did investigate the role of 

metabolome in Crohn’s disease by applying a MS based metabolomics approach in fecal 

water extracts (Jansson, Willing et al. 2009).  

1.4 Main Objectives 

The thesis is arranged into three main chapters including two chapters related to health or 

diseases issues and we questioned the role of gut meta-metabolome in Type 2 Diabetes and 

obesity. Type 2 Diabetes was studied in a genetic driven mouse model, which bears a 

mutation in the leptin receptor. Gut meta-metabolome was also examined in obesity whereas 

two different C57BL/6 mouse strains were taken. Strain susceptibility and the development of 

obesity were studied by feeding three different diets. In both studies, we were curious whether 

the gut meta-metabolome is associated with the phenotype and which metabolites are 

reflected and changed especially in the gut microbiome environment. Hence, different 

sequence based gut microbiome and metagenome studies already showed the important role 

of bacteria we want to elaborate the functional output, here in metabolites and metabolism of 

host and bacteria. Particularly, to investigate the gut meta-metabolome the content of 

gastrointestinal organs of mice was collected and analyzed. Intestinal samples provide a 

complex matrices consisting of a mixture of host cells, bacteria, food and their metabolites as 

shown in Figure 1-3, assembling a host-microbiome environment. To unveil the impact of 

meta-metabolome different analytical and statistical tools commonly applied in metabolomics 

were taken to evaluate and elaborate the gut microbial metabolome. Moreover, in this thesis 

all metabolomics studies were performed with MS based techniques.  
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Figure 1-8 Overview of the thesis: this work is divided into a biological and analytical chemistry 

related topics. Chapter II and III outlined the role of gut meta-metabolome in a type 2 Diabetes 

and obesity. The research of Diabetes was performed in a genetic – driven mouse model. 

Additionally, anti-diabetic treatments applying metformin or sglt-2 inhibitor were conducted. 

The linkage between obesity and its association with gut meta-metabolome was questioned by 

using two different C57BL/6 strains and their susceptibility to three different diets. More 

important, before handling metabolomics studies the analytical and chemical tools need to be 

optimized and evaluated. In chapter IV sample collection, metabolite extraction, the analysis of 

metabolites by means of MS was conducted. MS based metabolomics resulted in multivariate 

data which was undertaken through an appropriate data handling and statistical analysis in 

order to interpret the data and link the elaborated metabolites into a biological context of health 

or disease. 



 

 

 

 

 

 

 



 

Chapter II 

META-METABOLOMICS IN TYPE 2 DIABETES 

OVERVIEW 

ABSTRACT 

Investigation of type 2 Diabetes (T2DM) by applying a metabolomics approach 

can be performed by using animal experiments or clinical trials. Here, a genetic 

mouse model, commonly used for research of T2DM, was used to study the 

pathophysiology with the focus on gut meta-metabolome. We applied a MS 

based metabolomics approach to study gut meta-metabolome differences between 

T2DM and healthy mice. The extensive data elaboration using different tools 

including multivariate statistical analyses or mass difference network based 

approach derived a deeper insight into several metabolite classes. In summary, 

we could find several metabolite classes affected in T2DM mice including 

taurine and sulfate conjugate of fatty acids, bile acids and arachidonic acid 

metabolism pathway.  
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Chapter II 

2 Metabolomics in Type 2 Diabetes 

2.1 Introduction 

Type 2 Diabetes (T2DM) is defined as an endocrine disease (WHO 2010), where several 

factors has been discussed and investigated to be involved in the pathogenesis of T2DM. The 

risk factors for developing T2DM might be driven by genetic susceptibility, but also 

environmental exposure. T2DM is a chronic disease characterized by high blood glucose 

levels or hyperglycemia. The deregulation of blood glucose levels in T2DM is a consequence 

of insulin resistance in the peripheral system and later on the failure of pancreatic ß-cells to 

produce insulin (Alberti and Zimmet 1998). The origin of insulin resistance is likely derived 

through factors that are secreted by adipose tissue especially the visceral fat such as pro-

inflammatory cytokines and hormones, influencing the insulin receptor actions and sensitivity 

to insulin itself (Kahn, Hull et al. 2006). Different risk factors are discussed in T2DM that are 

mainly lifestyle including diet, especial western style, physical inactivity and obesity 

(Lieberman 2003). In recent years, several groups performed metabolomics studies as a 

research tool to investigate the role of metabolites in T2DM, summarized in Table 1 

(Friedrich 2012, Dunn 2013, Lu, Xie et al. 2013).  

The role of metabolites in T2DM can be investigated by using animal or human studies 

(Friedrich 2012). In animal studies T2DM pathophysiology can be investigated by either 

using genetic or diet driven T2DM rodent studies but also induced experimentally by drugs 

(indicated as “Others” in Table 1). In genetic rodent studies of T2DM, two prominent models 

are used for metabolomics studies, predominantly the leptin receptor deficient db/db mice or 

the Zucker fa/fa rats (Major, Williams et al. 2006, Salek, Maguire et al. 2007). In db/db mice, 

which is the genetic mouse model used in this thesis, metabolism are already examined 

applying different analytical techniques such as 
1
H NMR and LC-MS of urine samples (Salek, 

Maguire et al. 2007, Altmaier, Ramsay et al. 2008, Gipson, Tatsuoka et al. 2008, Connor, 

Hansen et al. 2010, Patterson, Bonzo et al. 2011, Li, Wang et al. 2013). Exploring the 

metabolites involved especially in the discrimination of db/db mice several metabolite classes 

and pathways have been already reported before. Salek et al. observed several compound 



 

 

classes including amino acids such as methionine and glutamate, but also creatine or 

trimethylamine. Moreover, gut microbial metabolites including hippurate, meta-

hydroxyphenylpropionic acid and indoxylsulfate are changed in db/db mice, indicating gut 

microbial metabolism in T2DM (Salek, Maguire et al. 2007). In contrast, the investigation of 

Altmaier et al. could highlight metabolite classes consisting of carnitines and also several 

lipid classes such as phosphatidylcholines (PCs) or sphingosylphosphocholines (Altmaier, 

Ramsay et al. 2008). Xu et al. could show that triglycerides, PCs, glycerophosphocholines, 

glucose, glycogen and choline are related to the classification between wiltdtype and db/db 

mice and thus the possible involvement of methylamine metabolism. Additionally, co-

microbial metabolites such as TMAO and bile acids are changed in db/db mice (Xu, Zhang et 

al. 2009). Connor et al. could find further co-microbial metabolites differentiating in db/db 

mice such as methyl, dimethyl-, trimethylamine, p-cresol, m-HPPA, m-HPPA sulfate, 

phenylsulfate and hippurate and confirmed thereby the involvement of gut microbiome 

(Connor, Hansen et al. 2010). Moreover, several gut microbiome studies could already report 

and reveal different microbial patterns in db/db mice (Geurts, Lazarevic et al. 2011). Another 

study by Patterson et al. that applied a more targeted metabolomics approach could observe 

different glycine betaine, pipecolic acid, proline and glucose levels following them over a 

time period of 12 weeks (Patterson, Bonzo et al. 2011).  

 

Table 1 Summary of metabolomics studies performed either in animal or human subjects 

 Author Year Type of biological matrix Species Analytical technique Animal model 

Animal studies             

Genetic- driven (Williams, Lenz et al. 2005) 2005 Urine Rats NMR, HPLC-MS fa/fa 

 (Granger, Plumb et al. 2005) 2005 Urine Rats LC-MS fa/fa 

 (Welthagen, Shellie et al. 2005) 2005 Spleen tissue Mice GC-MS NZO 

 (Major, Williams et al. 2006) 2006 Plasma Rats GC-MS fa/fa 

 (Plumb, Johnson et al. 2006) 2006 Plasma Rats UPLC-MS fa/fa 

 (Serkova, Jackman et al. 2006) 2006 Liver and blood Rats NMR fa/fa 

 (Salek, Maguire et al. 2007) 2007 Urine Human, mice, rats NMR db/db 

 (Gika, Theodoridis et al. 2008) 2008 Urine Rats UPLC-MS fa/fa 

 (Altmaier, Ramsay et al. 2008) 2008 Plasma Mice LC-MS db/db 

 (Xu, Zhang et al. 2009) 2009 Liver and kidney Mice NMR db/db 

 (Waldram, Holmes et al. 2009) 2009 Plasma and urine Rats NMR fa/fa 

 (Connor, Hansen et al. 2010) 2010 Urine Mice NMR db/db 

 (Zhao, Zhang et al. 2010) 2010 Urine Rats NMR fa/fa 

 (Patterson, Bonzo et al. 2011) 2011 Urine Monkeys, mice UPLC-MS db/db 

 (Tsutsui, Maeda et al. 2011) 2011 Plasma, hair, liver and kidney Mice UPLC-MS ddY-H 

 (Saadat, Iglay Reger et al. 2012) 2012 Urine Mice NMR db/db 

 (Li, Wang et al. 2013) 2013 Serum, urine Mice GC-MS db/db 

Others       

 (Huang, Yin et al. 2011) 2011 Liver Rats UPLC-MS Streptozotocin 

 (Ugarte, Brown et al. 2012) 2012 Serum Rats UPLC-MS Streptozotocin 

Diet - driven       

 (Shearer, Duggan et al. 2008) 2008 Serum Mice NMR  

 (Fearnside, Dumas et al. 2008) 2008 Plasma Mice NMR Different strains 

 (Kim, Yang et al. 2009) 2009 Urine Rats NMR  

 (Kim, Kim et al. 2010) 2010 Liver and serum Mice UPLC-MS, GC-MS  

 (Li, Hu et al. 2010) 2010 Plasma and liver Mice HPLC-MS, GC-MS Two different strains 

 (Lin, Yang et al. 2011) 2011 Plasma and liver Rats HPLC-MS  

Human studies             

 (Messana, Forni et al. 1998) 1998 Plasma Human NMR  

 (Van Doorn, Vogels et al. 2007) 2007 Plasma Human NMR  

 (Zhang, Wang et al. 2009) 2009 Serum Human NMR  

 (Bao, Zhao et al. 2009) 2009 Serum Human GC-MS  

 (Li, Xu et al. 2009) 2009 Plasma Human GC-MS  

 (Zhao, Fritsche et al. 2010) 2010 Plasma, Urine Human UPLC-MS  

 (Lucio, Fekete et al. 2010) 2010 Plasma Human FT-ICR-MS  

 (Zhao, Peter et al. 2009) 2010 Plasma Human UPLC-MS  

 (Suhre, Meisinger et al. 2010) 2010 Plasma Human LC-MS, GC-MS  

 (Fiehn, Garvey et al. 2010) 2010 Plasma Human GC-MS  

 (Mihalik, Goodpaster et al. 2010) 2010 Plasma Human HPLC-MS  

 (Wang, Larson et al. 2011) 2011 Plasma Human LC-MS  
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 (Mihalik, Michaliszyn et al. 2012) 2012 Plasma Human HPLC-MS  

 (Würtz, Mäkinen et al. 2012) 2012 Serum Human NMR  

 (Wang-Sattler, Yu et al. 2012) 2012 Serum Human FIA MS  

 (Floegel, Stefan et al. 2013) 2013 Serum Human FIA MS  
FIA = Flow injection analysis 

However, also metabolomics in clinical studies with T2DM or pre-diabetic applied to human 

has gained a lot of interest (Table 1). This rise of interest is related to the urge of discovering 

and evaluating new biomarkers and their application in early diagnostic research (Friedrich 

2012, Dunn 2013, Lu, Xie et al. 2013). Recently, our group highlighted the role of 

metabolomics in investigating T2DM pathophysiology in human subjects with insulin 

resistance (Lucio, Fekete et al. 2010). Major interest in T2DM metabolomics research is to 

find biomarkers that are associated with the pre-diabetic status of patients in order to interfere 

and prevent further progress from insulin resistance to T2DM (Lu, Xie et al. 2013).  

2.2 Overview – Goals 

Investigation of T2DM by applying a metabolomics approach can be performed by using 

animal experiments or clinical trials, summarized in Table 1. Here, a genetic mouse model, 

commonly used for research of T2DM was used to study the pathophysiology with the focus 

of gut meta-metabolome. For this approach we used ten weeks old homozygous BKS.Cg-

dock7
m
 +/+ Lepr

db
/J (db/db) mice. The goal herein was to discover the metabolite patterns of 

intestinal samples in db/db mice and their non-diabetic controls (wt) by using MS based 

metabolomics approach with the focus on FT-ICR-MS experiments. As mentioned above, the 

db/db mice have a mutation in the leptin receptor and develop obesity after one month, fasting 

hyperglycemia after 10 days of age and hyperinsulinaemia after eight weeks and provide 

therefore a good model for T2DM research (Sharma, McCue et al. 2003, Breyer, Böttinger et 

al. 2005).  

2.2.1 Study design: Drug challenge in db/db mice 

The main purpose of the study is to investigate the role of two different drugs, the 

combinatory treatment and their action on the blood glucose levels and the effect on the gut 

meta-metabolism in db/db mice. The drugs are metformin (MET) and SLGT-2 inhibitor 

(SGLT) and a combined treatment (COMBI). These drugs are applied for a period of two 

weeks by oral gavage, shown in the scheme (Figure 2-1). Detailed information about study 

design is described in chapter 5.1.1.  



 

 

 

Figure 2-1 Study design of drug challenge of db/db mice for two weeks 

Metformin is used as a hypoglycemic drug for type 2 diabetes patients and has several 

influences on different organs of humans, e.g. increase of the glucose uptake in the muscles, 

decrease of the gluconeogenesis in the liver and effect on the lipid metabolism. The approach 

of our investigation is to reveal, whether the drug application has an effect on gut meta-

metabolome and which meta-metabolites of the intestinal tract are associated with the diabetic 

status of the db/db mice. Especially, our focus is to investigate the meta-metabolome of the 

gastrointestinal tract because none of the given metabolomics studies of T2DM are related to 

the metabolite compounds of intestinal or fecal samples (Table 1). This is accompanied by a 

non-targeted metabolomics approach based on MS analyses. Therefore, the luminal content of 

cecum, colon (proximal, middle and distal) and feces were collected, whereas proximal 

samples were excluded from further analyses due to low number of samples per each group. 

Plasma samples were also provided for the non-targeted metabolomics measurements. First, 

analyses in a non-targeted metabolomic manner were performed by FT-ICR-MS. Metabolite 

identification was performed by MS/MS experiments according to the description in chapter 

4.4.2.  

2.3 Results and Discussion 

2.3.1 General: Body weight and blood glucose 

We monitored the body weight changes after two weeks of the drug challenge, observing 

significantly higher body weight differences between wt and db/db mice with a p-value<0.001 

(p-value = 1.78x10
-9

, Students t-test) (Figure 2-2, A). Different body weight were also 

observed at the beginning of the experiments (starting conditions of body weight:  (wt) = 
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22.21 g;  (db/db) = 47.5 g; (db/db MET) = 47.31 g; (db/db SGLT) = 47.41 g and 

(db/db COMBI) = 47.31 g for all groups n=10).  

 

Figure 2-2 Body weight and blood glucose changes in wt, db/db mice and db/db mice after MET, 

SGLT and COMBI  

The drug application for a period of two weeks did not alter body weight in the db/db mice 

concerning the MET, SGLT or the COMBI treatment (Figure 2-2, A). Blood glucose was 

reduced significantly after MET (p-value = 0.01, Students t-test) and COMBI (p-value = 

1.86x10
-10

, Students t-test) treatment compared to the untreated db/db mice (starting 

conditions for blood glucose in mmol/l:  (wt) = 6.66;  (db/db) = 27.00; (db/db MET) = 

27.01; (db/db SGLT) = 27.01 and (db/db COMBI) = 27.25 for all groups n = 10). 

2.3.2 The role of meta-metabolome in db/db mice during drug 

challenge 

The collected samples of cecum, colon and feces were extracted by methanolic protein 

precipitation (see chapter 4.3.3). Several processing and filtration steps followed then, shown 

in chapter 4.5. Afterwards the filtered mass signals lists were subjected to multivariate 

statistical analyses (MSA). First, a principal component analysis (PCA) was applied for all 

filtered mass lists to gain on overview about the possible separation between the five groups. 

To get an overview we observed the first two generated PCs of the models for the analyses of 

all gastrointestinal matrices and plasma measured in negative mode of FT-ICR-MS, shown in 

Figure 2-3, A and for positive mode for feces and plasma samples Figure 2-3, B.  



 

 

 

Figure 2-3 Unsupervised PCA scores plots of gut meta-metabolome samples including cecum, 

middle, distal, feces and plasma samples, analyzed in (-) FT-ICR-MS mode (A) displaying wt 

(green dots), db/db (red dots) mice being treated with MET (orange dots), SGLT (blue dots) and 

COMBI (purple dots) for 2 weeks; (B) feces and plasma samples analysis in (+) FT-ICR-MS 

mode 

The separation based on PCA scores scatter plot was sufficient but in order to classify and 

discriminate the mass signals responsible for the separation we performed for every matrix an 

OPLS/O2PLS-DA. First, a model was generated for the group of wt and db/db mice to 

extrapolate the mass signals responsible for the separation. These mass signals were given in 

“variable importance projection” – VIP list and were taken for further analyses. To test 

whether the different drug challenges impact the VIP mass signals contributing for the db/db 
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and wt separation, we took these mass signals and generated new models by including solely 

the mass signals VIP list. Every generated model was also 7-fold cross-validated (CV-

ANOVA). We could find valid models for db/db vs. wt for middle, distal content, feces 

samples and plasma for (-) FT-ICR-MS mode (Table 1). In positive mode, only plasma 

samples could show a valid model for comparison between db/db and wt mice (Table 1). All 

generated models we examined by OPLS/O2PLS-DA in order to evaluate the drug challenge 

impact on intestinal metabolome could not pass the CV-ANOVA step resulting in non-

significant p-values (see Table 1). 

Table 2 OPLS/O2PLS-DA models of different group comparison 

(-) FT-ICR-MS       

 R²Y(cum) Q²(cum) p-value  

(CV-ANOVA) 

Group comparison CECUM 

wt vs. db/db  0.97 0.67 0.08490 
db/db vs. db/db MET 0.85 1 0.40693 

db/db vs. db/db SGLT - - - 

db/db vs. db/db COMBI 0.68 0.44 0.05452 
  MIDDLE 

wt vs. db/db  0.94 0.77 0.00044 

db/db vs. db/db MET 1 0.34 0.96800 
db/db vs. db/db SGLT - - - 

db/db vs. db/db COMBI 0.98 0.48 0.23502 

  DISTAL 

wt vs. db/db 0.9 0.68 0.01624 

db/db vs. db/db MET 0.96 0.51 0.26756 

db/db vs. db/db SGLT 0.96 0.23 0.90708 
db/db vs. db/db COMBI 0.82 0.47 0.15032 

  FECES 

wt vs. db/db 0.97 0.76 0.00332 
db/db vs. db/db MET - - - 

db/db vs. db/db SGLT 0.24 0.03 0.77135 

db/db vs. db/db COMBI - - - 
  PLASMA 

wt vs. db/db 0.99 0.82 0.00120 

db/db vs. db/db MET 1 0.48 0.73189 
db/db vs. db/db SGLT 0.77 0.09 0.80902 

db/db vs. db/db COMBI 0.85 0.47 0.03938 

    (+) FT-ICR-MS       

  FECES 

wt vs. db/db 0.99 0.51 0.33287 
db/db vs. db/db MET 0.99 0.56 0.36081 

db/db vs. db/db SGLT 0.35 0.15 0.26210 

db/db vs. db/db COMBI - - - 
  PLASMA 

wt vs. db/db 0.99 0.75 0.00246 

db/db vs. db/db MET 0.99 0.36 0.73620 
db/db vs. db/db SGLT - - - 

db/db vs. db/db COMBI 0.94 0.06 0.98708 

Afterwards, additionally an univariate statistical analysis (USA) was performed in order to 

confirm the results derived from OPLS/O2PLS-DA. First, the significance between wt and 

db/db mice was calculated by using a non-parametric univariate statistical test (Mann-

Whitney test). These significant mass signals were used to perform again a pair wise 

comparison between db/db and the drug treated db/db mice (db/db vs. db/db MET, db/db vs. 

db/db SGLT, db/db vs. db/db COMBI) to see if the treatment had an effect on the changed 



 

 

mass signals. Most differences aroused between the wt and the db/db mice concerning the 

mass signals detected in cecum, middle, distal, fecal and plasma samples. Most significant 

mass signals were calculated for fecal samples (3412) followed by plasma (2815) in neg. 

mode, middle content (1222), cecal content (977) and 557 in distal content (Figure 1-2). 

Therefore, only feces and plasma samples were measured in positive mode achieving 1797 

significantly different mass signals for feces and 1733 for plasma samples (Figure 2-4).  

 

Figure 2-4 Univariate statistical analysis and comparison of drug challenge in db/db mice; 

100 % are always representing all significant mass signals between db/db and wt mice, the 

number of significant mass signals between db/db and wt mice are displayed on the top of the bar 

plots 

Furthermore, the results nicely show that there were differences in the number of the 

significant mass signals between db/db and wt between the samples in negative mode with 

FT-ICR-MS. In the bar plot 100% are representing the number of significant mass signals 

between db/db and wt in each sample type of the gastrointestinal tract and plasma. Then, the 

proportion of significantly changed mass signals due to drug treatment was calculated, 

resulting in different percentages of mass signals changed after treatment. The lowest changes 

could be shown for SGLT treatment mice, resulted in significantly changes of 2 (0.2%) mass 

signals for cecal content, 9 mass signals (0.7%) for middle content, 9 mass signals (1.6%) for 

distal content, 285 mass signals (8.3%) for feces and 137 mass signals (4.9%) for plasma 

samples in neg. mode (Table). Moreover, slight differences could be elaborated for MET 

treatment, accounting 146 (4.3%) different mass signals in feces, 123 (22.1%) in distal and 



2.3 METABOLOMICS IN TYPE 2 DIABETES  CHAPTER II 

33 

around 85 (7%) in middle and 86 (8.8%) cecal content. The COMBI treatment had a larger 

effect the metabolism in the gastrointestinal tract accounting for 430 (44%) for cecal content, 

288 (24%) for middle content, 120 (22%) for distal content, 122 (4%) for feces and 366 

(16%) for plasma samples. For positive mode, the MET group resulted in 97 (5.4%) 

significantly changed mass signals and 111 (6.4%) for plasma. In SGLT comparison, we 

found 199 different mass signals (11%) for feces and 75 mass signals (4%) for plasma 

samples that were changed. In the COMBI group, we found 45 mass signals (2.5%) in feces 

samples and 110 mass signals (6.3%) for plasma samples, affected after drug treatment.  

Table 3 Univariate statistical analysis of mass signals derived from FT-ICR-MS experiments of 

four matrices from wt and db/db mice and the respective comparison of drug challenge, 

performed with Mann-Whitney test 

 (-) FT-ICR-MS (+) FT-ICR-MS 

Group comparison CECUM MIDDLE DISTAL FECES PLASMA FECES PLASMA 

wt vs. db/db 977 1222 557 3412 2815 1797 1733 

db/db vs. db/db MET 86 85 123 146 359 97 111 

db/db vs. db/db SGLT 2 9 9 285 137 199 75 
db/db vs. db/db COMBI 430 288 120 122 366 45 110 

The results from univariate statistical analyses again confirm and underline the results derived 

from OPLS/O2PLS-DA, that the drug challenge had only slight impact on gastrointestinal 

metabolome. However, we could show valid multivariate OPLS/O2PLS-DA models for cecal 

and plasma metabolome after COMBI treatment. Moreover, the drug challenge with MET, 

SGLT or COMBI did not affect body weight during the 2 weeks (Figure 2-2, A). Solely, in 

the db/db MET and db/db COMBI group we could find decreased blood glucose levels 

(Figure 2-2, B). Hence, the COMBI treatment could decrease blood glucose level to a higher 

extent compared to MET treatment and additionally we could find valid OPLS/O2PLS-DA 

models for cecal and plasma metabolome, we did elaborate the metabolome changes in 

chapter 2.3.10. Still, our major interest was to focus on the differences between db/db and wt 

mice to describe the metabolome changes due to diabetes status of the db/db mice. By 

evaluating the different metabolomic composition between db/db and wt mice, we can 

probably find some metabolites that were also altered due to drug stimulation. Concerning the 

gastrointestinal matrices and thereof the changes between db/db and wt mice, the best results 

derived from OPLS/O2PLS-DA were shown for middle content and feces samples. Looking 

in detail for significant differences by univariate statistical test the feces samples had the 

highest number of significant mass signals (Figure 2-4). Therefore, we were focusing on the 

variations between db/db and wt mice by using the results of the measurements of fecal 

metabolome. Moreover, feces samples are easily to collect and provide non-invasive matrices 



 

 

to perform metabolomic analyses (see detailed results about fecal metabolome between db/db 

and wt mice in Chapter 2.3.3). 

2.3.2.1 Cholesterol and primary bile acid metabolism in db/db mice – 

metabolite patterns in the intestine  

One of the metabolite classes known to be changed between db/db and wt mice are primary 

bile acids, hence the enzyme cholesterol 7 alpha-hydroxylase (CYP7A1) was shown to be up-

regulated in the liver of db/db mice and an increased bile acid content for feces samples 

(Watanabe and Ayugase 2010). This enzyme is involved in the biosynthesis of primary bile 

acid pathway from cholesterol. In db/db mice the level of cholic acid was significantly 

decreased in db/db mice compared to wt mice in all four gastrointestinal matrices (Figure 2-5, 

A). The up-regulation of the enzyme resulted in lower levels of CA in the gastrointestinal 

tract in diabetic mice. We had expected a higher level of CAs in the gastrointestinal tract in 

diabetic mice as shown before (Watanabe and Ayugase 2010). Unfortunately, CA differences 

could not be obtained in plasma samples due to low abundance. The next step was to 

determine the changes related to the secondary bile acid synthesis and therefore we examined 

the levels of deoxycholic acid (DCA). There were no obvious or significant differences 

concerning cecum, middle and distal DCA levels comparing wt and db/db mice (Figure 2-5, 

B). Interestingly, DCA levels in feces and plasma samples were significantly altered 

comparing wt and db/db mice (Figure 2-5, B and C). Accordingly, we observed all possible 

and detected C24 BAs and their patterns between db/db and wt mice and their behavior in all 

four gastrointestinal matrices. We could find 23 different C24 BAs and the sum of all found 

BAs showed in total higher levels in wt mice compared to diabetic mice (Figure 2-5, D). 
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Figure 2-5 Bile acids comparison between db/db and wt mice; A: Cholic acid; B: Deoxycholic 

acid; C: Deoxycholic acid in plasma; D: Overall behavior of sum of all C24 bile acids; # p-value 

<0.05 (Mann-Whitney test), detailed information are given Table 15 of appendix (Chapter 6) 

Still we need to consider the individual behavior of the BAs, as for example shown for CA 

and DCA, whereas DCA did not show the same behavior like CA and the sum of all C24 BAs 

(Figure 2-5, A, B and D). Moreover, the enzyme deregulation is not only affecting the bile 

acid metabolism but also the cholesterol derivatives that are involved in the BA biosynthesis. 

The first step of the enzyme is the conversion of cholesterol into hydroxycholesterol; thereof 



 

 

we examined the levels of cholesterol and hydroxycholesterol in the gut and their possible 

difference between wt and db/db mice. Cholesterol was not detected in all matrices but 

hydroxylcholesterol showed increased patterns in diabetic mice in middle and feces samples 

but not in cecal or distal samples and likely confirmed thereby the up-regulated behavior of 

the enzyme (Figure 2-6, A).  

 

Figure 2-6 Cholesterol metabolites part I; # p-value <0.05 (Mann-Whitney test), detailed 

information are given Table 15 of appendix (Chapter 6) 
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Going deeper, we could show increased patterns for dihydroxycholesterol (Figure 2-6, B), 

dihydroxycholestone (Figure 2-6, C) and hydroxycholestenone (Figure 2-6, D) in diabetic 

mice but we saw that the behavior of the last two metabolites are getting similar to the wt 

mice levels, shown in Figure 2-6.  

 

Figure 2-7 Cholesterol metabolites part II; # p-value <0.05 (Mann-Whitney test), detailed 

information are given Table 15 of appendix (Chapter 6) 



 

 

For hydroxyoxocholestenoate (Figure 2-7, A), tetrahydroxycholestane (Figure 2-7, B), 

trihydroxycholestenal (Figure 2-7, C), trihydroxycholestanoate (Figure 2-7, D), 

dihydroxycholestane (Figure 2-7, E) and trihydroxycholestane (Figure 2-7, F) we observed 

lower levels in db/db mice in cecal and distal samples and higher levels in middle and fecal 

samples. Trihydroxycholestanoate (Figure 2-7, D) showed overall decreased patterns whereas 

only cecal and distal levels were significantly different. The behavior of the cholesterol 

derivatives was different, including the gastrointestinal matrices and we need to consider this 

behavior while interpreting the data (Figure 2-6 and Figure 2-7). The enzyme CYP7A1 was 

shown to be expressed uniquely in liver (Jones, Repa et al. 2012). Other enzymes involved in 

the bile acid biosynthesis are also predominantly expressed in liver (Jones, Repa et al. 2012). 

Interestingly, overexpression of CYP7A1 in mice resulted in a protection against high fat 

induced obesity, fatty liver and insulin resistance and showed higher levels of bile acids in the 

gastrointestinal tract of the transgenic mice (Li, Owsley et al. 2010). The expression of 

CYP7A1 was also stimulated by re-feeding after a fasting period, concluding food intake 

affects bile acid metabolism, reporting higher bile acid content in the intestine due to 

restricted feeding (Li, Owsley et al. 2010). Moreover, the db/db mouse strain is known to 

have increased food intake (hyperphagia) (Bivona, Park et al. 2011) and hyperphagia was 

shown to change the bile acid pool (Young, McNamara et al. 1983). In contrast, fasted ob/ob 

mice and streptomycin treated mice (type 1 diabetes mouse model) had still higher CYP7A1 

mRNA levels compared to their wildtype controls, which found to be due to epigenetic 

control mechanism (Li, Owsley et al. 2010).  

2.3.3 Differences of the fecal metabolome between db/db and wt 

mice  

Hence, both MSA and USA showed the best results for fecal samples; therefore, we were 

focusing in this chapter on the fecal metabolome differences between db/db and wt mice. 

Firstly, a PCA was applied for both modes without the drug treated groups. As a result, the 

score scatter plot that revealed already the presence of two distinct groups of db/db and wt 

mice (Figure 2-8), which will be further investigated through supervised approaches with the 

focus on the results of negative mode. 
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Figure 2-8 PCA scores scatter plot of fecal metabolome of db/db and wt mice analyzed in (-) FT-

ICR-MS (A) and (+) FT-ICR-MS mode (B) 

Moreover there were no strong outliers detected, hence almost all scores are distributed within 

the confidence region or ellipse (95% of Hotelling’s T² Range). The group’s separation and 

consequently the putative mass signals responsible for the group forming were investigated 

with different techniques. One is the analysis with an Orthogonal Partial Least Squares 

regression OPLS/O2PLS-DA with an OSC (orthogonal signal correction) (Wiklund, 

Johansson et al. 2007). The model resulted in good fit results obtaining good values for 

R²Y(cum) = 0.97 and Q²(cum) = 0.76 (with an overall significance of p-value = 0.00332197 

and with 7-fold CV, Table 2, 2.3.2). The scores plot derived from OPLS/O2PLS-DA model is 

presented in Figure 2-9, A displayed a clear discrimination between db/db and wt mice. The 

mass signals that were responsible for this discrimination are selected from the S-PLOT 

(Figure 2-9, B).  



 

 

 

Figure 2-9 A: OPLS/O2PLS-DA scores scatter plot of fecal metabolome of db/db and wt mice 

analyzed in (-) FT-ICR-MS; B: S-Plot of the contributing mass signals to the separation between 

db/db and wt mice 

2.3.3.1 KEGG metabolic pathway analysis of fecal meta-metabolome  

As shown above, due to dys-regulated enzyme (CYP7A1) the primary bile acid biosynthesis 

and all metabolite classes were affected between wt and db/db mice in different intestinal 

samples (Chapter 2.3.2.1). Therefore, we took the mass signals that were significantly 

changed and afterwards we performed an annotation with MassTRIX. Subsequently, a KEGG 

pathway assignment was performed in order to see which pathways are involved in the 

separation between diabetic and wt mice. Therefore, we took all KEGG metabolites and 

assigned them into metabolic pathways of KEGG. Different pathways were involved in the 

separation between wt and db/db mice including biosynthesis of steroid hormones, 

unsaturated fatty acids and primary bile acids as well as arachidonic acid, alpha-linolenic acid 

and linoleic acid metabolism, shown in Figure 2-10. 
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Figure 2-10 KEGG metabolic pathway analysis and comparison of significant (sig) versus not 

significant (nsig) mass signals  

For example, in arachidonic acid metabolism pathway all assigned mass signals were also 

significantly changed between db/db and wt mice (Figure 2-10). Steroid hormone biosynthesis 

has the highest number of significant mass signals, shown in Figure 2-10. These results 

indicate already the immense changes in the metabolism of diabetic mice and confirm the 

results of the deregulated primary bile acid biosynthesis, showed in chapter 2.3.2.1 for the 

different intestinal matrices.  

2.3.4 Comparative analyses of metabolite classes between db/db 

and wt mice  

2.3.4.1 Fatty acids comparison in db/db mice vs. wt mice 

The KEGG pathway analyses showed that different metabolic pathways and thereof different 

metabolite classes were involved in discriminating db/db and wt mice. Moreover, two mass 

signals highly discriminating wt mice, concerning palmitic acid C16:0 and an unknown mass 

signal given through molecular formula of C18H32O5S representing db/db mice are highlighted 

in the S-PLOT (Figure 2-9, B). We used this information to extrapolate different metabolite 

classes. In the S-Plot palmitic acid (C16:0) was one of top metabolites discriminating wt and 

db/db mice, highly increased in wt mice, displayed in the fold change plot. But, also other 

FAs were observed to be significantly increased in wt mice including lauric acid (C12:0), 



 

 

myristic acid (C14:0), palmitoleic acid (C16:1), oleic acid (C18:1), stearic acid (C18:0), 

nonadecanoic acid C(19:0), icosenoic acid (C20:1), icosanoic acid (C20:0), docosadienoic 

acid (C22:2) docosenoic acid (C22:1), docosanoic acid (C22:0), tetracosenoic acid (C24:1) 

and tetracosanoic acid (C24:0). Interestingly, all FAs discriminated for wt mice were grouped 

to the saturated or mono-unsaturated class, except linoleic acid (C18:2) and linolenic acid 

(C18:3). Contrarily, in db/db mice unsaturated FAs were significantly increased, including 

arachidonic acid (C20:3), icosapentanoic acid (C20:5) and docosahexanoic acid (C22:6), 

trisotrienoic acid (C23:3), pentacosatrienoic acid (C25:3), pentacosadienoic acid C25:2), 

hexacosatrienoic acid (C26:3), heptacosadienoic acid (C27:2), octacosadienoic acid (C28:2), 

nonacosadienoic acid (C29:3), nonacosadienoic acid (C29:2), dotriacontatetraenoic acid 

(C32:4), hexatriancontahexaenoic acid (C36:4), octatriacontahexaenoic acid (C38:6) 

Octatriacontapentaenoic acid C(38:5), shown in fold change plot in Figure 2-11. We could 

also confirm four different fatty by applying MS/MS experiments, including palmitic acid 

C(16:0), icosenoic acid (C20:1), arachidonic acid (C20:3) and linoleic acid (C18:2), 

mentioned in chapter 5.2.1 in Figure 5.2.1.1 A –D. 
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Figure 2-11 Fold change plot of fatty acids changed between db/db and wt mice in fecal samples; 

all displayed metabolites were significant with a p-value <0.05 (Mann-Whitney test), detailed 

information are given Table 16 of appendix (Chapter 6) 

In the non-diabetic wt mice, the metabolite group of un- and monounsaturated FAs were 

significantly increased. The lower levels of these FAs in db/db mice indicate lower excretion 

of FAs due to higher ß-oxidation in liver and their systemic distribution. In fact, in blood 

samples higher levels of free FAs were already shown before and also higher ß-oxidation was 

measured in the liver of db/db mice (Seo, Choi et al. 2008). In addition, in our study the fecal 

samples exhibit the reverse behavior of free FAs comparing to blood samples of diabetic 

mice. In another study using Zucker rats for investigating diabetes, several FAs including 

octanoic acid, nonanoic acid, oleic acid, arachidonic acid were increased in plasma samples 

(Major, Williams et al. 2006). In our study we could not confirm results concerning oleic or 

arachidonic acid. No significant changes were shown for these FAs in plasma samples by 



 

 

comparing db/db and wt mice, shown in Figure 2-12. Octanoic and nonanoic acid was not be 

detected in plasma samples.  

 

Figure 2-12 Arachidonic and oleic acid in plasma samples of wt and db/db mice; no significant 

changes could be calculated by Mann-Whitney test 

The compound class of FAs seemed also to be very indicative of changed metabolism in 

T2DM showed throughout in human species, whereas we could confirm this for fecal sample 

but plasma samples (Major, Williams et al. 2006, Zhao, Peter et al. 2009, Suhre, Meisinger et 

al. 2010, Zhao, Fritsche et al. 2010). 

2.3.4.2 Oxylipins changes in db/db mice 

A further class of fatty acids, so called oxylipins (here especially C18 oxylipins of oleic, 

linoleic, linolenic and stearic acid) appeared to be an important factor discriminating diabetic 

and wt mice (Figure 2-13). Oxylipins are classes of bioactive FA metabolites with many 

structural members, bearing for example hydroxyl groups.  
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Figure 2-13 Fold change plot of oxylipins changed between db/db and wt mice in fecal samples; 

all displayed metabolites were significant with a p-value <0.05 (Mann-Whitney test), detailed 

information are given Table 16 of appendix (Chapter 6) 

Here, we observed increased patterns of hydroxylinoleic acid (MS/MS spectrum in Figure 

5-2, A), hydroxyoleic acid (MS/MS spectrum in Figure 5-2, B), hydroxyoxooleic acid 

(MS/MS spectrum in Figure 5-2, C), dihydroxyoleic acid (MS/MS spectrum in Figure 5-2, 

D), trihydroxyoleic acid, hydroxylinolenic acid, dihydroxylinolenic acid, dihydroxystearic 

acid, dihydroxyoctadecanedionic acid, trihydroxystearic acid and tetrahydroxystearic acid in 

db/db mice, shown in Figure 2-13. Hatley et al. reported about the presence for oxylipins of 

linoleic and arachidonic acid in urine samples of db/db mice (Hatley, Srinivasan et al. 2003). 

Lipoxygenases are the enzymes that are responsible for the synthesis of oxylipins of linoleic 

acid and arachidonic acid as the first step of the arachidonic acid metabolism and are likely 

involved in pathophysiology of diabetes (Hatley, Srinivasan et al. 2003, Grapov, Adams et al. 

2012).  

2.3.4.3 N-acyltaurines in db/db mice 

A further fatty class so called N-acyltaurines (NATs) that are in general taurine conjugates of 

fatty acids were discovered in fatty acid amide hydrolase (FAAH) deficient mice 

(Saghatelian, Trauger et al. 2004). They could observe four different NATs with alkyl chains 

of C22:0, C23:0; C24:1 and C24:0, following by reports of NATs of polyunsaturated FAs 

(Saghatelian, McKinney et al. 2006). We could assign four different fatty acids conjugated 

with taurine including arachidonic acid (NAAT, C20:4) (MS/MS spectrum in Figure 5-3, A), 

linoleic acid (NLAT, C18:2) (MS/MS spectrum in Figure 5-3, B), oleic acid (NOAT, C18:1) 

were throughout significantly increased in db/db mice (Figure 2-14). Only a taurine conjugate 

of palmitic acid (NPAT, C16:0) was increased in wt mice. Moreover we could find ten other 



 

 

FAs taurine conjugates, displayed in the fold change plot, consisting of C16:1, C16:2, C16:3, 

C16:4, C18:3, C18:4, C18:5, C19:1, C20:5 and C24:0 containing FAs (Figure 2-14). All new 

taurine conjugates were exclusively increased in diabetic mice (Figure 2-14).  

 

Figure 2-14 Fold change plot of N-acyltaurines changed between db/db and wt mice in fecal 

samples; all displayed metabolites were significant with a p-value <0.05 (Mann-Whitney test), 

detailed information are given Table 16 of appendix (Chapter 6) 

NATs were recently discovered as a new class of lipids detected firstly in brain and spinal 

cord tissues and were highly accumulated in FAAH deficient mice (Saghatelian, Trauger et al. 

2004). Subsequently, NATs were also found in liver and kidney tissues, activating transient 

receptor potential family of cation channels and degraded in a FAAH dependent manner 

(Saghatelian, McKinney et al. 2006). Geurts et al. reported also a decreased FAAH expression 

in subcutaneous fat tissue of diabetic mice, which is concordantly with higher levels of NATs 

in our db/db mouse study (Geurts, Lazarevic et al. 2011). Long et al. studied the impact of 

FAAH inhibition compared to FAAH deficient mice and showed different distribution of 

NATs long chain FAs highly accumulated in brain such as C22:0 or NATs of polyunsaturated 

FAs in liver and kidney such as C20:4 and C22:6. They found similar levels of NATs in liver 

and plasma (absolute concentrations in liver about 5 nmol/g and plasma about 0.2 nmol/g), 

concluding NATs could probably act as endocrine signaling molecules. Recently, a group 

confirmed this assumption by revealing that two NATs of arachidonic (NAAT) and oleic acid 

(NOAT) were involved in insulin signaling (Waluk, Vielfort et al. 2013). NATs also activate 

transient receptor potential family of calcium channels (TRPV1 and TRPV4) and especially 

NATs of NAAT and NOAT exhibited anti-proliferative effects (Saghatelian, McKinney et al. 

2006). Furthermore insulin signaling is performed via activation of TRPV1 in pancreatic ß-

cells by increasing intracellular calcium levels (Waluk, Vielfort et al. 2013). The expression 

of TRPV1 containing nerve fibers were reported in the mucosa, in the submucosal layer and 

myenteric plexus of rectum and distal colon of mice (Matsumoto, Kurosawa et al. 2009). The 
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distribution of FAAH was throughout similar in intestine and inhibition of FAAH resulted in 

decreased intestinal motility (Capasso, Matias et al. 2005). Concerning NAAT and NOAT, we 

were also curios about the distribution of these two metabolites in intestinal samples of wt and 

db/db mice to see whether we might observe changes in the gastrointestinal tract. Increasing 

levels were analyzed from cecum to fecal samples in wt mice, shown in Figure 2-15, A and B. 

 

Figure 2-15 Comparison of two NATS and their distribution along the intestine of wt and db/db 

mice; A: N-oleoyltaurine (NOAT); B: N-arachidonoyltaurine (NAAT), # p-value <0.05 (Mann-

Whitney test), detailed information are given Table 17 of appendix (Chapter 6) 

Comparing the behavior of these NATs with db/db mice we found significantly increased 

NOAT and NAAT levels in middle, distal and fecal samples by completely different patterns 

in db/db mice compared to wt mice (Figure 2-15). The NATs somehow oscillate by starting 

with low levels in cecum, increasing in middle, decreasing in distal content and increasing 

again in fecal samples (Figure 2-15). Moreover, an enzyme was identified by Reilly et al. 

performing the conjugation of FAs with taurine and was called acyl-coenzyme A:amino acid 

N-acytransferase (ACNAT) which is localized in peroxisomes and expressed in liver and 

kidney (Reilly, O’Shea et al. 2007). They showed successfully taurine conjugation of different 

chain varying acyl-CoAs, including C10:0, C12:0, C14:0, C16:0, C18:0, C20:0 and C24:0 

Acyl-CoAs, with preferences for the C18:0 acyl chain. Moreover, ACNAT could use BAs 

CoAs as substrates with lower conjugation rates compared to FAs CoAs.  



 

 

2.3.4.4 Bile acids patterns in db/db mice 

As discussed above in chapter 2.3.2.1, the deregulation of the enzyme cholesterol 7 α-

hydroxylase could show different patterns of cholesterol metabolites in the intestinal samples 

between db/db and wt mice (Figure 2-5, Figure 2-6 and Figure 2-7). In addition, the KEGG 

pathway analyses of fecal samples revealed that the primary bile acid biosynthesis pathway 

showed a high number of significantly assigned mass signals, shown in chapter 2.3.3.1 and in 

Figure 2-10. We could find eight different C24 BAs that were increased in db/db mice and two 

BAs cholic acid and ketodeoxycholic acid (ketoDCA) were decreased in db/db mice 

compared to wt mice (Figure 2-16).  

 

Figure 2-16 Fold change plot of bile acids, conjugated bile acids (sulfates) and sulfate conjugated 

steroids changed between db/db and wt mice in fecal samples: all displayed metabolites were 

significant with a p-value <0.05 (Mann-Whitney test), detailed information are given Table 16 of 

appendix (Chapter 6) 
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The BAs were DCA (MS/MS spectrum in Figure 5-4, A), ketoDCA (MS/MS spectrum in 

Figure 5-4, B), trioxocholenoic acid, cholantetrol, cholantetrol, dioxocholenoic acid, 

oxocholatrienoic acid and cholandienoic acid. Moreover, sulfate conjugates of taurocholic 

acid (MS/MS spectrum in Figure 5-5, A), taurooxocholic acid (MS/MS spectrum in Figure 

5-5, B), cholic acid (MS/MS spectrum in Figure 5-5, C), oxocholic acid (MS/MS spectrum in 

Figure 5-5, D), cyprinol (MS/MS spectrum in Figure 5-5, F), glycochehodeoxycholic acid and 

glycocholic acid were throughout significantly increased in db/db mice (Figure 2-16). As 

mentioned above in chapter 2.3.2.1, several cholesterol metabolites but also their sulfate 

conjugates were increased in the intestine of db/db mice (Figure 2-16). We could detect raised 

levels of urocortisol and urocortisone as cholesterol sulfate (MS/MS spectrum in Figure 5-5, 

E), ketocholesterol sulfate, hydroxy- and dihydroxycholesterol sulfate and further sulfate 

steroid-metabolites including dehydroepiandrosterone, androsterone, dihydroxyandrosterone 

and cortisol (Figure 2-16). A difference of cholic acid (CA) was already shown for db/db 

mice, ob/ob mice and streptomycin treated mice, which were caused by alteredCYP7A1 

levels. These were regulated by food intake (Li, Owsley et al. 2010). Studies with human 

subjects with T2DM revealed that BAs metabolism is in fact an important pathway and 

metabolites including DCA and CA were changed due to T2DM (Brufau, Stellaard et al. 

2010, Zhao, Fritsche et al. 2010). The treatment of diabetic mice with cholic acid decreased 

significantly the blood glucose levels in db/db mice (Jiang, Wang et al. 2007). Different 

steroids and BAs are found to be conjugated with sulfate and revealed different patterns in 

diabetic mice. The formation of sulfate metabolites is performed by different sulfotransferases 

(SULTs) exhibiting substrate specificities and affinities (Klaassen and Boles 1997, Alnouti 

2009). Interestingly, in our study dehydroepiandrosterone sulfate (DHEAS) was increased in 

db/db mice, but feeding experiments of DHEA and DHEAS could prevent the diabetic status 

in the mouse strain assuming negative feedback through oral administration of DHEA on 

systemic synthesis and regulation of DHEA (Coleman, Leiter et al. 1984). Steroid 

sulfotransferases are responsible for controlling the activity of steroids such as androgens and 

estrogens. In male db/db mice DHEA sulfotransferase (SULT2A1) activity was shown to be 

suppressed but estron sulfotransferasase (SULT1E1) was increased (Leiter, Chapman et al. 

1991). In our study, sulfate conjugates of steroids were overall significantly increased in the 

diabetic mouse strain in fecal samples. For example BAs sulfate conjugation is also 

performed by SULT2A1 which possesses a broad substrate specificity (Alnouti 2009). The 

dysregulation of the mentioned SULTs reflects thereof the significant differences of the 

sulfated steroids and bile acids, measured in the diabetic mice. BA sulfates were found to be 



 

 

elevated in urine and serum samples of patients with hepatobiliary diseases and in 

inflammatory bowel diseases in conjunction with altered microbial community (Makino, 

Shinozaki et al. 1974, Duboc, Rajca et al. 2012). We are assuming that this major 

dysregulation of sulfur containing metabolites also impacts the microbial community in 

diabetic mice, which needed to be validate The ability of sulfate de-conjugation of BAs was 

already indicated for example in Clostridium spp. (Van Eldere, Robben et al. 1988). 

2.3.4.5 Arachidonic acid metabolism in db/db mice 

As already mentioned above in Figure 2-10, arachidonic acid metabolism revealed the highest 

proportion of significant mass signals between db/db and wt mice in feces samples. Many 

metabolites of AAM are isomers and the comparison resulted in 16 different molecular 

species, shown in Figure 2-10, including different prostaglandins classes such as 

prostaglandins, prostacyclines and leukotrienes. These compounds are exhibiting many 

important biological functions and play an essential role in mediating inflammation (Ricciotti 

and FitzGerald 2011). Thus, rapid degradation of active compounds is important in order to 

avoid the prolonged biological response, thus detecting prostaglandins, which are very 

unstable and rapidly converted in vivo, in fecal samples are very unlikely. The AAM pathway 

consists of 75 different compounds, whereas 19 compounds do differ by their different 

molecular composition. Some of the mass signals and isomers were excluded from further 

analyses because the enzymes were not given in the mouse species (KEGG database 

information). Rapid conversion or degradation was shown for Leukotriene A4, Leukotriene 

B4 (LTB4), different HPETEs, Prostaglandin H2, E2, D2, I2, Thromboxane A2, 15-Keto-

prostaglandin F2alpha, Prostaglandin G2, Thromboxane B2 and Leukotriene B4 (Hamberg, 

Svensson et al. 1974, Kindahl, Edqvist et al. 1976, Fitzpatrick, Gorman et al. 1977, 

Fitzpatrick and Wynalda 1981, Pifer, Cagen et al. 1981, Jubiz, Rådmark et al. 1982, Davies, 

Bailey et al. 1984, Naccache, Molski et al. 1984, Peter, Bosu et al. 1987, Baumert, Huber et 

al. 1989, MacMillan and Murphycor 1995, Fiedler, Simon et al. 2001). This finally resulted in 

8 metabolites with different elemental composition regarding arachidonic acid, 

hydroxyarachidonic acid (HETE), 2,3-dinor-8-iso prostaglandin F2α, 2,3-Dinor-8-iso 

prostaglandin F1α, hydroxyleukotriene B4 (OH-LTB4) and carboxyleukotriene B4 (COOH-

LTB4) and such as 6-keto-prostaglandin E1 (6-Keto-PGE1) and 6-keto-prostaglandin F1α (6-

keto PGF1α). These could be possible metabolites of AAM. In terms of the metabolite LTB4, 

two metabolites OH-LTB4 and COOH-LTB4 were compounds that resulted as intermediates 

in the degradation/deactivation pathway of LTB4 (Fiedler, Simon et al. 2001). LTB4 is a 
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potent chemotactic agent produced from arachidonic acid via the 5-lipoxygenase pathway and 

converts granulocytes to an inflammatory state (Fiedler, Simon et al. 2001). The ω-oxidation 

of LTB4 happens in the liver mediated by the cytochrome P450 system. OH-LTB4 is oxidized 

to COOH-LTB4 that is biologically inactive (Fiedler, Simon et al. 2001). Harper et al. could 

find further metabolites involved in the degradation of LTB4 as a result of further ω-oxidation 

of the metabolite COOH-LTB4 to COOH-dinor LTB4 (Harper, Garrity et al. 1986). Shirley et 

al. found also that the metabolite COOH-dinor-LTB4 reacts with taurine for subsequent 

removal and excretion (Shirley and Murphy 1990). Prostacyclin is potent vasodilator and 

inhibits platelet aggregation, but this factor is very unstable and is rapidly converted to 6-keto 

PGF1α and oxidized to 6-keto-PGE1.This deactivation pathway has been determined for few 

organisms (Pace-Asciak, Carrara et al. 1977, Sun and Taylor 1978, Rosenkranz, Fischer et al. 

1980). Infusion experiments of 6-keto-PGF1α (1) revealed further oxidation steps including ß- 

and ω-oxidation of this metabolite (Figure 2-17) that resulted in identification of two new 

metabolites called 2,3-dinor, 6-keto-PGF1α (2) and dinor ω-1-hydroxy-6-keto-PGF1α (3). 

The reaction can be followed by further oxidation of the hydroxylgroup of dinor ω-1-

hydroxy-6-keto-PGF1α to dinor ω-1-oxo-6-keto-PGF1α (3) as an intermediate to a further 

oxidation resulting in a carboxylgroup at the ω-end of the side chain, resulting in COOH-2,3-

dinor 6-keto-PGF1α (4). 

 

Figure 2-17 An example of four step reaction by ß- and ω-oxidation of the AAM metabolite 6-

keto PGF1α (1) to COOH-2,3-dinor 6-keto-PGF1α (5) 



 

 

Moreover, the metabolite can undergo further ß-oxidation step to tetranor-PGF1α by further 

hydroxylation to hydroxy-tetranor-PGF1alpha and dehydrogenation to tetrahydroxyprostanoic 

acid. All possible metabolites derived from different oxidation steps and that we found are 

summarized in heatmap, showing also the behavior of the metabolites between db/db and wt 

mice that were in total significantly increased in db/db mice (Figure 2-18).  

 

Figure 2-18 Summary of arachidonic acid pathway and their metabolites found in fecal samples 

of db/db and wt mice: all metabolites were significantly changed between db/db and wt mice with 

a p-value <0.05 (Mann-Whitney test), detailed information are given Table 16 of appendix 

(Chapter 6) 

As mentioned for the metabolite 6-keto-PGF1α that ß- and ω-oxidation are possible reaction 

steps in the prostaglandine metabolism, we investigated other metabolites of AAM, possibly 

metabolized by ß- or ω-oxidation pathway. Furthermore, we were observing whether taurine 

conjugates of AAM metabolites were found in the samples since taurine conjugates of 

COOH-dinor LTB4, HETE and DiHETEs were already reported before (Shirley and Murphy 

1990, Turman, Kingsley et al. 2008). The latter two metabolites are derived through oxidation 

of N-arachidonoyltaurine in a lipoxygenase (LOX) dependent manner (Turman, Kingsley et 

al. 2008). Also, we were searching for sulfate conjugates hence sulfate conjugation is one of 

major pathway of phase 2 reaction of CYP450 systems (Klaassen and Boles 1997, Alnouti 

2009). In general, a ß-oxidation is an enzymatic catalysis of fatty acids, resulting in a 
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shortening of a C2H4 unit. The ω-oxidation is an oxidation of methyl group to a carboxyl 

group at the end of a side chain of a FA. Taurine and sulfate conjugation are enzyme 

catalyzed reactions performed for metabolites such as bile acids, drugs but also fatty acids 

such arachidonic acid (Klaassen and Boles 1997, Saghatelian, Trauger et al. 2004, Alnouti 

2009). Moreover, in chapter 2.3.4.3 we could show that several NATs of FAs changed 

between db/db and wt mice. Thus, maybe taurine conjugation is also occurring for AAM 

metabolites.  

2.3.5 Mass difference analyses to reveal arachidonic acid co - 

metabolites applying NetCalc  

To extrapolate new metabolites of AAM pathway we applied a new approach the so-called 

mass difference analysis. Therefore we generated a mass difference list with exact mass 

differences for ß-oxidation (-C2H4; 28.0313), ω-oxidation (introduction of O2 and reduction of 

H2: +29.974174), taurine (+C2H5NOS: +107.0041) and sulfate (+SO3: 79.956816) 

conjugation. By using this approach, we can found direct links that were connected through 

these mass differences and reveal thereof new metabolites. The calculation of mass difference 

was defined within a narrow error range of 0.2 ppm, which is a unique possibility of FT-ICR-

MS measurements. The use of four mass differences resulted in highly disconnected network. 

Therefore, we enlarged the network calculation by using 22 different mass differences (as 

described in chapter 4.5.3). We filtered all metabolites from AAM metabolism (29 

metabolites) and their respective mass signals, described in 4.5.3 and a mass difference 

network was generated, shown in Figure 2-19. All red nodes are metabolites from AAM 

pathways surrounding by different nodes (representing other mass signals). The size of nodes 

indicates the number of found connections (big node: high number of connections). The 

network was done by Yifan Hu algorithm (see details in chapter 2.3.8).  



 

 

 

Figure 2-19 Mass difference analysis and network visualization for discovery of novel AAM 

metabolites; nodes are representing the metabolites, edges the mass differences; red nodes are 

metabolites from AAM, green nodes are sulfate conjugates of AAM metabolites, orange nodes 

are taurine conjugates of AAM metabolites, the mass difference of ß- and ω-oxidation is 

highlighted through blue edge color, sulfate conjugation through green colored edges and 

taurine through orange colored edges 

The node 2, 3-dinor, 6-keto-PGF1α (a) is an example of a node with highest amount of 

connections: 18 connections from 22 possible connections. We could also find the searched 

mass differences for ß- and ω-oxidation (blue line), sulfate (green nodes) and taurine (orange 

nodes) conjugation. An example of such connections is shown for 6-Keto PGFα (b) which 

contains three connections of ß-oxidation, sulfate and taurine conjugation shown in Figure 

2-19. A ω-oxidation step is demonstrated for 2, 3-Dinor-8-iso-PFGα to Dinor ω-keto-PGFα 

(c) (Figure 2-19). By using this approach, we could show that several sulfate and taurine 
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metabolites of AAM pathway were found in fecal matrices. Moreover, these new conjugates 

revealed a significantly differential behavior between db/db and wt mice, summarized in the 

heatmap of Figure 2-20.  

 

Figure 2-20 Heatmap of sulfate and taurine conjugates of AAM metabolites that differ 

significantly between db/db and wt mice in fecal samples; all displayed metabolites were 

significant with a p-value <0.05 (Mann-Whitney test), detailed information are given Table 16 of 

appendix (Chapter 6) 

We could describe 16 different sulfate conjugates and 8 different taurine conjugates of AAM 

metabolism (Figure 2-20). Additionally, we could confirm two conjugated metabolites such as 

2, 3-Dinor-8-iso prostaglandin F1alpha sulfate and 15-Deoxy-delta-12,14-PGJ2 sulfate by 

MS/MS experiments (MS/MS spectra in Figure 5-6 A and B). As discussed above taurine 

conjugates were already d for COOH-dinor LTB4, HETE and DiHETEs (Shirley and Murphy 

1990, Turman, Kingsley et al. 2008). We could confirm and find that sulfate conjugates play 

an important role in metabolism of AAM pathway and were increased in diabetic mice. 

Another possibility is to map the new metabolites into KEGG metabolic pathways. As an 

example, we selected therefore the sulfate conjugation.  



 

 

2.3.5.1 KEGG metabolic pathway enrichment analysis – sulfate 

conjugation 

Another approach to determine new metabolites is to use the mass signals and subtracted each 

mass signal from the theoretical mass of SO3 (- 79.956816). All subtracted mass signals were 

then uploaded for a new annotation in MassTRIX. We derived new annotated mass signals 

and their annotated putative metabolite name. The pseudo-annotated metabolites can now be 

mapped into metabolic pathways of KEGG to illustrate which metabolites are sulfate 

conjugated. Furthermore, we took two different species Mus musculus (MMU) as the host and 

Bacteriodetes vulgatus (BVU) as one of the representative of the gut microbiome, which is in 

fact very restrictive (gut microbiome ~ 500 species). For the mapping, we excluded all 

isomeric compounds and counted the number of the mass signals. For comparison, we used 

also the results from “normal” annotation step and compared these metabolites against the 

pseudo-annotated metabolites (+/- SO3: shown in Figure 2-21 

 

Figure 2-21 KEGG metabolic pathway enrichment with sulfate conjugates: blue bars are 

annotated metabolites, green bars metabolites that were found by an in-silico subtraction of 

SO3; green bars are annotated metabolites that were found after subtraction: one example is 

shown for the linoleic acid metabolism – (1): the mass signal in neg. mode with the experimental 

mass of 359.189773 was an unknown with molecular formula of C18H32O5S, the subtraction of 

SO3 (-79.956816) resulted in mass of 279.232958 which was annotated as linoleic acid, resulted in 

sulfolinoleic acid after respective SO3 addition 
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The mapping resulted into 28 different metabolic pathways (MP), whereas 12 pathways were 

matched for both organisms, 12 other MPs were exclusively found in MMU and 4 MPs in 

BVU (Figure 2-21). Sulfate conjugated metabolites could be mapped into different pathways 

predominantly in AAM, steroid hormone biosynthesis, biosynthesis of unsaturated fatty acids 

and biosynthesis of secondary metabolites, whereas biosynthesis of secondary metabolites 

represents different pathways. For example, the sulfated metabolites of AAM we already 

described in Chapter 2.3.5. A large of number of sulfated metabolites of primary BA 

biosynthesis we also already described in Chapter 2.3.4.4. Interestingly, we could find that 

amongst AAM pathway other fatty acids metabolic pathways were also playing an important 

role due to sulfate conjugation such as the linoleic acid metabolism (9 different metabolites 

with different mass signals). Taken linoleic acid metabolism, we illustrated the procedure for 

the in-silico deconjugation, shown in Figure 2-21 (1). The mass signal with experimental 

mass of 359.189773 in (-) FT-ICR-MS mode could not be annotated before and was 

determined as an unknown (see chapter 4.5.4). The subtraction with –SO3 (79.956816) 

resulted in 279.232958, which could be successfully annotated in MassTRIX as the 

metabolite linoleic acid and was mapped into the respective pathway. Additionally, we could 

confirm that the unknown metabolite is sulfolinoleic acid, described in chapter 2.3.6.1. This 

approach can be very helpful to get further information about this mass signal, highly 

discriminative for the diabetic mice (S-Plot, Figure 2-9). Additionally, this assists to reveal 

and to describe new metabolites such as sulfate conjugates. For this is important to elaborate 

and to know which kind of conjugation steps could occur in the specific matrices.  

2.3.6 Novel sulfur containing metabolites in db/db mice 

2.3.6.1 Sulfate conjugated metabolites: oxylipins sulfates 

As described above with KEGG metabolic pathway analysis one of most discriminant mass 

signals shown in the S-Plot (Figure 2-9), separating db/db and wt mice was a sulfated 

metabolite [M-H]
-
. 359.189773. The molecular formula is C18H31O5S

- 
(neutral molecular 

formula, C18H32O5S). Identification experiments applying MS/MS approach (MS/MS 

spectrum in Figure 5-7, A) could show a loss of HSO3, indicating that this mass signal is 

identified as a fatty acid containing a sulfate (as assumed in Chapter 2.3.5.1), named 

sulfolinoleic acid (found by molecular formula search in PubChem) (Figure 2-23, C). This 

metabolite is highly discriminant between db/db and wt mice and increased in fecal samples 

of diabetic mice. The behavior of sulfolinoleic acid in the intestinal samples of wt and db/db 



 

 

mice is shown in Figure 2-23. The metabolite is very highly abundant due to high intensity 

values (x10
10

) and is significantly changed in distal and feces samples but the changes were 

more pronounced in fecal samples (Figure 2-23).  

 

Figure 2-22 A: Sulfolinoleic acid pattern in all four intestinal samples from wt and db/db mice; 

B: Sulfolinoleic acid pattern in plasma samples in wt and db/db mice C: Most plausible structure 

of sulfolinoleic acid found in PubChem; detailed information are given Table 16 of appendix 

(Chapter 6) 

Moreover, we could also find the same mass signal in plasma samples, significantly increased 

in db/db mice (Figure 2-23, B). With the information of possible sulfated metabolites 

(especially sulfated FAs), we performed further MS/MS experiments with a predefined 

precursor list of all possible sulfate conjugates derived through subtraction of SO3. Then we 

searched the MS/MS spectra for the typical fragments of HSO3 and neutral losses of SO3 in 

our performed MS/MS experiments. We could find five other sulfate conjugates of oxylipins 

such as hydroxylinoleic acid sulfate (MS/MS spectrum in Figure 5-7, C), hydroxylinolenic 

acid sulfate (MS/MS spectrum in Figure 5-7, D), dihydroxylinoleic acid sulfate (MS/MS 

spectrum in Figure 5-7, D), dihydroxyoleic acid sulfate (MS/MS spectrum in Figure 5-7, E) 

and also a unique nonadecadienoic acid sulfate (MS/MS spectrum in Figure 5-7, B), that were 

all increased in db/db mice (Figure 2-23). 
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2.3.6.2 Taurine conjugated metabolites: oxylipins taurines 

The same MS/MS screening approach used above, we performed also for the specific loss of 

taurine of C2H6NO3S
- 

[124.0070] and we found six different oxylipins. They were 

hydroxylinolenic acid taurine (MS/MS spectrum in Figure 5-8, A), hydroxylinoleic acid 

taurine (MS/MS spectrum in Figure 5-8, B), hydroxyoleic acid taurine (MS/MS spectrum in 

Figure 5-8, C), dihydroxystearic acid taurine (MS/MS spectrum in Figure 5-8, D), 

dihydroxyeicosadienic acid taurine (MS/MS spectrum in Figure 5-8, E) and 

dihydroxyeicosanoic acid taurine (MS/MS spectrum in Figure 5-8, F). All taurine conjugates 

of oxylipins, except hydroxylinolenic acid taurine and hydroxylinoleic acid taurine, were 

increased in db/db mice (Figure 2-23).  

 

Figure 2-23 Fold change plot of sulfate and taurine conjugates of oxylipins, especially oxylipins; 

all displayed metabolites were significant with a p-value <0.05 (Mann-Whitney test), detailed 

information are given Table 16 of appendix (Chapter 6) 

2.3.6.3 Other N-acyl Fatty acids with amino acids 

We could identify different types of fatty acids conjugate with taurine and sulfate playing an 

important role in discriminating db/db and wt mice. Several other n-acyl amino acids were 

significantly changed. We filtered all mass signals of possibly annotated N-acyl fatty acids 

and subjected them to MS/MS experiments ((MS/MS spectrum in Figure 5-9, A-B)). We 

could successfully identify three different fatty acid conjugated with amino acids (Figure 

2-24), including N-palmitoyl valine (Figure 2-24, A) significantly increased in fecal and 

decreased in distal samples of db/db mice. Additionally, we could find N-oleoyl (iso)leucine 

(Figure 2-24, B) and N-palmitoyl (iso)leucine (Figure 2-24, C) that were significantly 

decreased in distal samples of db/db mice and showed an increased tendency in fecal samples 

of db/db mice for N-oleoyl (iso)leucine and decreased tendency for N-palmitoyl (iso)leucine.  



 

 

 

Figure 2-24 N-acyl conjugated amino acids and their patterns in four intestinal matrices 

comparing wt and db/db mice, # p-value <0.05 (Mann-Whitney test), detailed information are 

given Table 17 of appendix (Chapter 6) 

2.3.7 Plasma changes between db/db and wt mice based on 

KEGG metabolic pathway analyses 

This work is focused on metabolome differences in terms of intestinal samples; still we want 

to describe the plasma metabolite differences between db/db and wt mice. For this approach, 

we selected all metabolites, which were significantly changed between db/db and wt mice. 

Subsequently we mapped them into KEGG metabolic pathways. Most of mapped metabolites 

were increased in db/db mice and different pathways were involved in the differentiation. The 

pathways are displayed in the fold change plot, shown in Figure 2-25, A.  
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Figure 2-25: A Plasma metabolome changes between db/db and wt mice based on KEGG 

metabolic pathway comparison; B: Other metabolites significantly changed between db/db and 

wt mice; all displayed metabolites were significant with a p-value <0.05 (Mann-Whitney test), 

detailed information are given Table 18 of appendix (Chapter 6) 



 

 

Several metabolites including AAM metabolites, BAs and FAs were increased in db/db mice, 

shown in Figure 2-25. Only 3’,5’-cyclic AMP was increased in wt mice, involved in four 

different metabolic pathways of KEGG. Observing the metabolites that were additionally 

described in fecal metabolome we could elaborate eight different metabolites that were 

increased in db/db mice including sulfolinoleic acid as described in chapter 2.3.6.1, also 

cholesterol sulfate or the NAT of oleic acid, shown in Figure 2-25, B.  

2.3.8 Correlation studies and mass difference analyses between 

fecal and plasma samples of db/db mice 

2.3.8.1 Correlation studies between feces and plasma samples 

For this approach, we used all mass signals that were significant between db/db and wt mice 

concerning feces (brown) but also plasma (pink) samples, measured in negative mode. We 

performed a NetCalc molecular formula calculation resulting in 1619 molecular formulas with 

elemental composition (CHNOSP). We performed a Pearson correlation between fecal and 

plasma mass signals to extrapolate the mass signals that correlate highly between the different 

matrices. We plotted that correlations that represents the top ten that correlate positive with 

each other (green) or negatively (orange), shown in Figure 2-26. For positive correlation, all 

mass signals significantly increased in db/db mice in both matrices. For negative correlation, 

mass signals from fecal samples were significantly increased in wt mice and in plasma 

samples, whereas all involved mass signals were significantly increased in db/db mice (Figure 

2-26). Most signals we could only annotate by their molecular formula, except fatty acids 

significantly increased in wt mice of fecal samples. As an example we plotted the most 

negative and positive correlated metabolites from fecal and plasma samples in order to 

illustrate the behavior the metabolite in the matrices. In Figure 2-26 (1) the fecal metabolite 

nonadecanoic acid and the plasma metabolite with molecular formula of C20H30O9 is shown 

and their behavior between db/db and wt mice. In Figure 2-26 (2) a positive correlation 

between the fecal metabolite with molecular formula C27H43O8N1S1 and the plasma 

metabolite with molecular formula of C32H60O6, showing similar behavior of both metabolites 

in wt and db/db mice in both matrices. 
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Figure 2-26 Pearson correlation studies between feces (brown) and plasma (pink) metabolites of 

db/db and wt mice; mass signals that were not annotated are given by their molecular formula; 

all displayed metabolites were significant with a p-value <0.05 (Mann-Whitney test) between 

db/db and wt mice; On the left side metabolites from feces and right side metabolites from 

plasma are displayed; Orange plots are negative correlating metabolites between feces and 

plasma and their respective correlation coefficient (R), Green plots show positive correlation 

between feces and plasma metabolites; (1) Detailed plot about the strongest negative correlation 

between fecal and plasma metabolites of nonadecanoic acid and C20H30O; (2) Detailed plot about 

the strongest positive correlation between fecal and plasma metabolite of C27H43O8N1S1 and 

C32H60O6 



 

 

2.3.8.2 Mass difference analyses between fecal and plasma samples 

For this approach, we took all mass signals that were significant between db/db and wt mice 

concerning feces but also plasma samples, measured in negative mode. We performed a mass 

difference analyses using NetCalc software that resulted in 1619 molecular formulas with 

elemental composition (CHNOSP). For the mass difference analyses, we selected 22 different 

mass differences, including mass differences such as taurine and sulfate conjugation shown in 

Table 11. We could find 4851 different edges between the 1619 mass signals. The overall 

abundance of the counted mass differences is shown in Figure 2-27.  

 

Figure 2-27 Count of mass differences found by mass difference analyses of mass signals 

significant between db/db and wt mice solely between fecal mass signals in dark grey, between 

fecal and plasma mass signals in grey and uniquely between plasma mass signals in light grey  

The highest count of mass differences was found between mass signals of fecal samples 

(4016), between fecal and plasma mass signals we found 693 connections and 142 

connections were found plasma-plasma mass signals. This is due to that 1375 mass signals 
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were originated from fecal data matrix and 244 mass signals from plasma samples. 

Furthermore, the mass differences reference list is generated based on the knowledge derived 

from handling with mass signals and data matrices from intestinal samples and not plasma 

samples. This should be adapted appropriately, which was not a part of this work. Next, we 

took the data matrix containing mass signals and their connections, appeared between fecal 

and plasma samples to visualize the connections by using a mass difference based network 

approach. A mass difference network is a network consisting of nodes (mass signals) and 

edges (mass differences such as +/- sulfate), that were generated by NetCalc calculations. 

Afterwards you obtain a simple list consisting of mass signals, including source and target 

nodes (mass signals, Table 11) connected by edges which are weighted through the different 

mass differences. We were using Gephi 0.8.1 beta version (Bastian, Heymann et al. 2009), an 

open source network visualization software package, allowing visualizing complex and highly 

connected networks such as a generated mass difference networks. Herein, we used the Yifan 

Hu algorithm, which simply attract highly connected nodes (also represented by the size of 

the nodes, big nodes) and repulse less connected nodes (small nodes). The generated graph is 

shown in Figure 2-28, consisting of two large sub graphs emerged by the Yifan Hu algorithm. 

The graph is colored by matrices type: feces (green nodes) and plasma (red nodes) and 

common mass signals are highlighted through blue colored nodes.  



 

 

 

Figure 2-28: Mass difference network between mass signals of feces samples and plasma 

samples, green nodes representing mass signals from feces samples and red nodes representing 

mass signals from plasma samples, blue nodes are common shared mass signals 

The generated network is mainly dominated by green nodes originating from mass signals of 

fecal samples. The node with the highest amount of edges (20 found mass differences) was 

found in feces samples and was 6-Keto-PGE1 (yellow node: [M-H]
-
: 367.212623; C20H32O6) 

a metabolite from AAM pathway. The highest connected node in plasma samples was 

COOH-OH-LTB4 (lightblue node: [M-H]
-
: 381.191852; C20H30O7), which is also metabolite 

from AAM pathway derived possibly through hydroxylation and ω-oxidation of LTB4. Both 
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mass signals are significantly increased in db/db mice, in either fecal or plasma samples. We 

could show that both biological matrices were represented by metabolites derived from AAM 

pathway, which is one of the significant pathways, described in chapter 2.3.4.5. The network 

is divided into two big sub graphs because highly connected nodes from one network are not 

connected directly to the highly nodes from the other network. Such an example is the highly 

connected node 6-Keto-PGE1 of network 2 and the highly connected node with the molecular 

formula of C28H46O6 of network 1 and no direct or indirect connections were found between 

these both. This means the mass difference list that we took for generating the network could 

not provide a connection between these both (Table 11).  

2.3.9 Comparative analyses of fecal metabolome patterns 

between db/db and wt mice using UPLC-TOF-MS  

This study was also investigated using the UPLC-TOF-MS system. Fecal samples of db/db 

and wt mice were separated using a RP column (C8, Waters© Acquity™ UPLC® BEH™ C8 

column (1.7 μm, 2.1 × 150 mm)). Here we focused on data derived from (-) UPLC-TOF-MS 

mode. The processed data using MZmine 2 contained 2271 features was then also subjected to 

MSA (Pluskal, Castillo et al. 2010). The data reduction using PCA showed a sufficient 

separation of db/db and wt mice, whereas the first component declares 24.3 % and the second 

component 9.6 % of total variance. A non-parametric univariate test Mann-Whitney test was 

used for the calculation of significant features between db/db and wt mice, resulting in 621 

significant features. Afterwards we compared the metabolites derived through the FT-ICR-

MS elaboration and extrapolated the overlaying significantly changed metabolites between 

FT-ICR-MS and UPLC-TOF-MS experiments. We found 45 different metabolites that were 

also significant between db/db and wt mice in UPLC-TOF-MS experiments. These 

metabolites that were also found in UPLC-TOF-MS were shown in the heatmap (Figure 2-29, 

B) and were metabolites of AAM pathway, FAs, sulfate conjugates of FAs, taurine conjugates 

of FAs but also BAs such DCA, ketoDCA and TCA sulfate (RTs are also displayed in min). 

The analyses with UPLC-TOF-MS confirmed additionally that certain metabolites were 

important discriminating db/db and wt mice.  



 

 

 

Figure 2-29 A: PCA scores scatter plot derived from analyses of fecal samples of db/db and wt 

mice using (-) UPLC-TOF-MS; B: Heatmap visualization of significantly changed metabolites 

with their respective retention time (rt) in min between db/db and wt mice; all displayed 

metabolites were significant with a p-value <0.05 (Mann-Whitney test), detailed information are 

given Table 19 of appendix (Chapter 6) 

2.3.10 Metabolome analyses of COMBI treatment in db/db mice 

As described in chapter 2.3.2, we could demonstrate by means MSA that the COMBI 

treatment changed significantly the metabolome of cecum and plasma compared wt and db/db 

mice, derived through significant models of OPLS/O2PLS-DA (Table 2). Moreover, 

concerning the cecum samples we could show that 430 mass signals out from 977 that were 

significant in db/db and wt mice, were changed again after COMBI treatment. Concerning the 
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plasma samples, 366 mass signals from 2815 (significantly changed between db/db and wt 

mice) were altered due to COMBI treatment. To evaluate which metabolites were affected by 

COMBI treatment we took all metabolites, which were elaborated from the comparison of 

fecal metabolome between db/db and wt mice. Then, we compared the metabolites whether 

they were changed after COMBI treatment based on our previous collected knowledge about 

changed metabolite classes and pathways.  

Concerning the cecal metabolome, we could identify several metabolite classes that were 

affected after COMBI treatment of db/db mice for two weeks. As shown in Figure 2-30 

several metabolite classes we elaborated from fecal metabolome comparison were changed 

after COMBI treatment. These classes were AAM metabolites, some FAs, two cholesterol 

metabolites including hydroxyoxocholestenoate and tetrahydroxycholestane and five NATs of 

fatty acids and taurine conjugates of oxygenated FAs (Figure 2-30, A). 

 

Figure 2-30 A Cecal metabolome changes after COMBI treatment of db/db mice; B: Plasma 

metabolome changes after COMBI treatment of db/db mice; all displayed metabolites were 

significant with a p-value <0.05 (Mann-Whitney test), detailed information are given Table 20 of 

appendix (Chapter 6) 

Concerning the plasma metabolome, we could find only a few metabolites, that were already 

elaborated before, shown in Figure 2-30 B. The metabolites were L-Glutamine, L-Kyrenine, 

methylthioheptymalic acid and the dinor ω-1-hydroxy-6-keto-PGF1α from AAM pathway.  



 

 

2.3.11 Topographical Variation in wt mice 

This study allows us to follow the metabolite signature along the gastrointestinal tract 

(topographical variation or distribution of metabolites). For this purpose, we used the 

measurements done with (-) FT-ICR-MS of the luminal contents from cecum, colon (middle, 

distal) and feces samples of wt mice because their metabolism in the intestine somehow 

represents the “healthy” status of a mouse. First, we aligned all different data matrices. We 

performed several filtration steps including the 10 % abundance filter and NetCalc molecular 

formula calculation. Annotation of the mass signals was done with MassTRIX. First, the data 

were subjected to PCA analyses to get an overview of the behavior of the different intestine 

matrices. We showed the results of thirst three PCs: PC1 vs. PC2 (Figure 2-31, A) and PC2 

vs. PC3 (Figure 2-31, B). The first two components demonstrated that samples of middle and 

feces were clustering closely and cecum and distal samples were closer to each other (Figure 

2-31, A). In the next two components only feces samples clearly separates from all other 

samples (Figure 2-31, B).  

 

Figure 2-31 PCA scores scatter plot of four different intestinal matrices from wt mice including 

cecum, middle, distal content and feces, measured in (-) FT-ICR-MS; A: PCA of PC1 and PC2; 

B: PCA of PC2 and PC3 

In order to extrapolate which mass signals are responsible for the separation we performed 

additionally a univariate non-parametric test (Kruskal Wallis test; p-value<0.05). In sum, 

1423 mass signals were significantly changed between all four intestinal matrices. In order to 

reveal the mass signal patterns decreasing or increasing from cecum to feces we performed 
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subsequently a Pearson correlation (p-corr<0.05; resulted in 728 mass signals) and extrapolate 

the top 25 mass signals, following the desired pattern (Figure 2-32). In Figure 2-32, (A), a 

heatmap shows the pattern of the decreasing mass signals. In Figure 2-32, (B), a further 

heatmap summarized the increased patterns of the mass signals. Decreasing patterns were 

found for retinol, pantheteine or fatty acids such as oxodecenoic acid (Figure 2-32; A). 

Increasing patterns were observed for oxylipins such as hydroxyoleic acid and 

dihydroxystearic acid or several NATs of FAs or oxygenated FAs for example palmitic acid 

or hydroxyoleic acid (Figure 2-32, B). These metabolites classes were also responsible for the 

separation of db/db and wt mice in fecal samples see chapter 2.3.3. The metabolite N-

palmitoyl valine revealed the highest positive correlation coefficient with 0.75 and p-

corr=1.84650x10-
7 

(Figure 2-32, B). The metabolite dodecylphenol was responsible for 

highest negative correlation resulted in a correlation coefficient of -0.67 and p-

corr=3.0515x10
-5 

(Figure 2-32, A). We also observed the distribution of the main bile acids 

and their sulfate and taurine conjugates including LCA, DCA, CA, DCA sulfate, CA sulfate, 

TLCA, TDCA and TCA. There were no prominent changes in term of increasing or 

decreasing patterns (Figure 2-32, C). There are few studies given, exploring and comparing 

metabolite patterns of intestine for example small intestinal samples from rats (Wang, Tang et 

al. 2005) or human gut biopsy samples (Wang, Holmes et al. 2007) or comparison of 

conventional and ex-germ free mice but also specific colonized mice (Martin, Wang et al. 

2009) or a comprehensive comparison of age and intestinal topography of rats (Tian, Zhang et 

al. 2011). Most of them were performed by using 
1
H NMR metabolic profiling approach. 

Thus the comparison was with our study was very difficult due to different techniques used 

for metabolomics, hence the mentioned studies measured small metabolites consisting of for 

example amino acids and SCFAs (Martin, Wang et al. 2009).  



 

 

 

Figure 2-32 A: Top 25 metabolites decreasing from cecum to feces; B: Top 25 metabolites 

increasing from cecum to feces; C: the patterns of BAs and their sulfate and taurine conjugates; 

correlation was calculated by Pearson correlation algorithm with p-corr < 0.05; detailed 

information are given Table 21 of appendix (Chapter 6) 
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2.4 Summary and Conclusion 

Here, we presented a non-targeted metabolomics approach in revealing metabolites in T2DM 

applying predominantly a FT-ICR-MS approach of intestinal samples and plasma samples 

from a commonly used mouse model for T2DM. Furthermore, we validated the role of two 

drugs metformin and a SGLT-2 inhibitor and their impact of intestinal metabolome. The drug 

application could not show any significant changes on the intestinal metabolome, except the 

combination of both drugs. Due to this fact, we were focusing on the gut metabolome changes 

between db/db and wt mice, especially the feces samples due to the best discrimination 

results. The data elaboration could highlight different metabolite classes involved in the 

differentiation between db/db and wt mice. Major metabolite classes that were affected were 

fatty acids and their derivatives including oxylipins, bile acids and we could find that taurine 

and sulfate conjugates of several classes play an immense role in discriminating db/db and wt 

mice. Distinct appearance of free fatty acids in diabetic mice is underlying previous reports 

about changes in ß-oxidation in diabetic subjects. A further class of oxylipins indicates a 

change in the lipoxygenation. Additionally, the so-called N-acyltaurines were majorly 

elevated in db/db mice likely due to a deregulation of ACNAT or FAAH enzymes responsible 

for con- or deconjugation of N-acyltaurines. Recently, N-acyltaurines were also discussed to 

be involved in insulin signaling. Gut bacterial metabolism in db/db mice is reflected through 

different bile acids and their sulfate conjugates signatures of feces and other gastrointestinal 

matrices. Taurine and sulfate conjugates as well as degradation metabolites of arachidonic 

acid metabolism were found to be increased in db/db mice. Finally, oxylipins conjugated with 

sulfate and taurine were revealed to play in the fecal metabolome of db/db mice comparing to 

wt mice. Here, we have to mention that especially the conjugates were not given in any 

metabolite database such HMDB, KEGG or Lipid Maps. Concerning, the N-acyltaurines fatty 

we could find ten metabolites were not present in these databases. We could find three 

different sulfate conjugates of bile acids and steroids. In arachidonic acid metabolism we 

could elaborated five metabolites, sixteen new sulfate conjugates and eleven new taurine 

conjugates. Moreover, eight different sulfate conjugates and six taurine conjugates of 

oxylipins were unveiled with the non-targeted metabolomics approach to play an important 

role in discriminating diabetic and healthy mice. We brought a new insight of possible sulfate 

and taurine conjugation especially of fatty acids and oxylipins, which need to be investigated 

 



 

 



 

 

Chapter III 

META-METABOLOMICS IN OBESITY 

OVERVIEW 

ABSTRACT 

Here, we studied two different factors in developing obesity in mice. We 

investigated the role of three diets and genotype susceptibility due to high 

fat feeding in two C57BL6 mouse strains. By applying a comprehensive and 

unbiased metabolomics based on MS technique, we could observe the meta-

metabolome association related to diet or genotype and body weight 

changes. High fat feeding resulted in different phenotype of the C57BL6 

strains, which was also reflected in distinct cecal-metabolome. We could 

elaborate different metabolite classes ranging from bile acids, their taurine 

and sulfated conjugates but also several bacterial derived metabolites 

including lignans and urobilinoids.  
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Chapter III 

3 Metabolomics in Obesity 

3.1 Introduction 

According the world health organization (WHO) obesity is defined by excess of body mass 

index equal or greater than 30 kg/m
2
 and classified into nutritional disorders (WHO 2010). 

The development of overweight or obesity is majorly associated with lifestyle habits 

including nutrition and the lack of physical activity (Popkin, Kim et al. 2006). Obesity was 

discussed to be one of the risk factors for developing insulin resistance and T2DM (Kahn and 

Flier 2000) and could be linked to changes in the gut community composition in different 

independent studies (Kahn and Flier 2000, Turnbaugh, Ley et al. 2006, Bäckhed, Manchester 

et al. 2007). Also, obesity plays a key role in developing coronary artery diseases including 

stroke and myocardial infarction, metabolic syndrome and cancer (Eckel, Grundy et al. , 

Haslam and James).  

As mentioned above T2DM was investigated by applying a metabolomics approach using 

rodent (genetic or diet-induced) or human studies, summarized in Table 1. We performed an 

ISI Web of Science® search (date: 9/19/2013) with the terms of obesity and metabolomics 

and excluding diabetes to avoid cross citations of Table 1. 

Table 4 Metabolomics studies of obesity  

 Author Year Type of biological matrix Species Analytical technique Animal model 

Animal studies             

Genetic- driven (Yetukuri, Katajamaa et al. 2007) 2007 Liver Mice UPLC-MS Ob/ob 

 (Serkova, Jackman et al. 2006) 2006 Liver and blood Rats NMR fa/fa 

 (Atherton, Gulston et al. 2009) 2009 Liver, heart and white adipose tissues Mice NMR PPAR- -nul 

 (Lindeque, Hidalgo et al. 2013) 2013 Plasma, Gastrocenmius, Liver and Brain Mice LC-MS and GC-MS Metallothionein KO mice 

 (Kim, Jung et al. 2010) 2010 Urine  NMR AHNAK−/− 

Others (Velagapudi, Hezaveh et al. 2010) 2010 Serum Mice GG-MS GF vs. CONV-R 

 (Oresic, Seppanen-Laakso et al. 2009) 2009 Eyes (retina and lenses) Mice UPLC-MS GF vs. CONV-R 

 (Ma, Zhang et al. 2011) 2011 Serum Rats GC-MS ovariectomized 

Diet - driven (Mutch, Grigorov et al. 2005) 2005 Liver Mice GC  

 (Xie, Su et al. 2007) 2007 Urine Rats CE and capillary LC-UV  

 (Cox, Williams et al. 2009) 2009 Serum Monkeys GC-MS  

 (Bertram, Larsen et al. 2012) 2012 Liver Rats NMR  

 (Spagou, Theodoridis et al. 2011) 2011 Plasma Mice GC-MS  

 (Shi, Wahlang et al. 2012) 2012 Liver Mice FT-ICR-MS  

 (Song, Wang et al. 2013) 2013 Plasma Rats NMR  

 (Kim, Kim et al. 2010) 2010 Liver and serum Mice UPLC-MS, GC-MS  

 (Kim, Yang et al. 2009) 2009 Urine Rats NMR  

 (Christensen, Hedemann et al. 2012) 2012 Plasma Pigs LC-MS  

 (Ji, Ernest et al. 2012) 2012 Abdominal adipose tissue Chicken LC-MS  

Human studies (Raman, Ahmed et al. 2013) 2013 Feces Human GC-MS   

 (Calvani, Miccheli et al. 2010) 2010 Urine Human NMR  

 (Oberbach, Bluher et al. 2011) 2011 Serum Human FIA-MS  

 (Szymanska, Bouwman et al. 2012) 2012 Serum Human NMR and UPLC-MS  

 



 

 

We could find several original publications studying obesity related metabolites, which used 

biological matrices including urine, plasma but tissue samples. Also one group studied obesity 

associated metabolites in fecal samples but in a more targeted metabolomics approach 

(Raman, Ahmed et al. 2013). In addition, the question of gut microbiota in obesity has been 

approached by two studies applying a metabolomics approach by using an GF mouse model 

(Oresic, Seppanen-Laakso et al. 2009, Velagapudi, Hezaveh et al. 2010).  

3.2 Overview – Goals 

To examine diet-induced obesity (DIO), we took two different sub strains the C57BL6/J 

(C57J) and C57BL6/N (C57N) and fed them with three different diets (safflower oil (SAFF), 

lard diet (LARD) and standard chow diet (SD)). These two sub strains differ, apart from 

several SNPs, in the nicotinamide nucleotide transhydrogenase (nnt) gene, which bears a 

missense mutation in strain C57BL/6J (Toye, Lippiat et al. 2005, Mekada, Abe et al. 2009). 

The NNT is a proton pump of the inner membrane of the mitochondrial membrane, affecting 

NADH/NAD
+
 ratio and consequently NADH accumulates in the mitochondrium (Olgun 

2009, Wong, Blair et al. 2010). The sub strain C57N presents thereby the wild type with a 

normal expression of NNT gene. Previous studies showed different phenotypes of the 

substrains, depending on the diet, being applied (Nicholson, Reifsnyder et al. 2010). Our goal 

was to examine the effects of the SAFF and LARD diet on body weight and genotype 

susceptibility due to the high fat diets (HFD) of SAFF and LARD. Moreover, we investigated 

the role of cecal meta-metabolome and the influence of genotype or diet related changes. 
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3.3 Study design of diet induced obesity (DIO) 

For a short overview, the study set up is shown in Figure 3-1. Two different sub strains the 

C57BL6/J (C57J) and C57BL6/N (C57N) were subjected two three different diets (SAFF, 

LARD and SD) for a period of three weeks at an age of 14 weeks. For detailed information on 

animal experiments, please see chapter 5.1.2.  

 

Figure 3-1 Study design of diet induced obesity in C57J and C57N mice  

3.4 Results and Discussion 

3.4.1 General – Body weight changes 

The application of different diets (SAFF, LARD and SD) resulted in substantial body weight 

changes in C57N on SAFF and LARD diets compared to C57J strain (Figure 3-2). In 

addition, a significant body weight change was detected between SAFF C57N and LARD 

C57N. The significance was calculated with a univariate statistical test called Welch test 

(SAFF C57J vs. C57N: # p - value = 0.02129; SAFF C57J vs. C57N: ‡ p - value = 0.00001 

and SAFF C57N vs. LARD C57N: a p - value = 0.03068).  



 

 

 

Figure 3-2 Body weight changes after 3 weeks of dietary challenge of C57J and C57N mice 

3.4.2 Global analysis of cecal meta-metabolome due to DIO 

To extrapolate whether these body weight changes are also associated with changes of cecal 

metabolome a non-targeted metabolomics approach was performed using FT-ICR-MS. The 

luminal content of cecum was extracted as described in chapter 4.3.2. The mass peak lists 

were aligned using Matrix Generator within an error ppm of one. Several filtration steps 

followed then, applying a 10 % abundance filter and filtration with means of Netcalc 

molecular formula calculation. The resulted matrix was subjected to further multivariate 

statistical analyses (MSA). First a PCA was performed, that showed a good separation in the 

first two components, whereas 19.8 % are representing the first component and 17.7 % the 

second component of the (-) FT-ICR-MS mode (Figure 3-3). Visually, the scores plot in 

Figure 3-3 showed a group consisting of LARD and SAFF containing both sub strains and 

another group consisting of two sub strains on the SD diet either for (-) or (+) FT-ICR-MS 

mode. The major separation of the cecal metabolome was also due to fed diet. 
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Figure 3-3 PCA scores scatter plots displaying the cecal metabolome of C57J and C57N mice 

after the application of three different diets (SAFF, LARD and SD) measured in (-/+) FT-ICR-

MS mode 

In order to discriminate between the sub strains on the different diets, we performed a pair 

wise comparison (genotype and diet) by using two different OPLS/O2PLS-DA with or 

without orthogonal signal correction to generate and validate different models (SAFF C57J 

vs. C57N; SAFF C57J vs. LARD C57J; SAFF C57N vs. LARD C57N; LARD C57J vs. 

C57N; SD C57J vs. C57N). For the orthogonal signal correction, we were using the values of 

the body weight changes to generate different OPLS/O2PLS-DA models. For every generated 

model of interest, the robustness of the model has been tested with cross-validation analysis of 

variance (CV-ANOVA). Significant OPLS/O2PLS-DA models (without OSC) were 

generated for SAFF C57N vs. LARD C57N, SAFF C57J vs. LARD C57J and SAFF C57J vs. 

C57N, shown in Table 5. Applying OSC the comparison of LARD C57J vs. C57N and SAFF 

C57J vs. C57N showed significant p-values after CV-ANOVA (Table 6). 

Table 5 OPLS/O2PLS-DA results from different model comparison  

Models – (-) FT-ICR-MS) R²Y(cum) Q²(cum) 
p- value  

(CV-ANOVA) 

SAFF C57J vs. SAFF C57N 0.98 0.61 0.014 

SAFF C57J vs. LARD C57J 0.99 0.85 0.001 

SAFF C57N vs. LARD C57N 0.99 0.90 0.00002 

LARD C57J vs. LARD C57N 0.99 0.73 0.062 

SD C57J vs. SD C57N 0.99 0.70 0.24 

 



 

 

Table 6 Orthogonal signal corrected OPLS/O2PLS-DA results from different model comparison 

Models R²Y(cum) Q²(cum) 
p- value  

(CV-ANOVA) 

SAFF C57J vs. C57N 0.78 0.57 0.004 

SAFF C57J vs. LARD C57J 0.36 0.16 0.256 

SAFF C57N vs. LARD C57N 0.77 0.51 0.058 

LARD C57J vs. C57N 0.74 0.55 0.0019 

SD C57J vs. C57N 0.82 0.36 0.6511 

Indeed, the discrimination of SAFF C57J vs. C57N showed in both OPLS/O2PLS-DA models 

the best results. The model generated after OSC is shown in scores scatter plot generated from 

OPLS/OPLS-DA (Figure 3-4).  

 

Figure 3-4 A: OPLS/O2PLS-DA scores scatter plot of cecal metabolome of C57J and C57N mice 

on SAFF diet measured in (-) FT-ICR-MS mode; B: S-Plot displaying mass signals highly 

discriminative between C57J and C57N mice on SAFF diet 
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The mass signals responsible for the separation are shown the S-Plot derived from the model 

from the comparison of SAFF C57J vs. C57N (Figure 3-4, B). The annotation of the mass 

signals was performed with MassTRIX and not annotated mass signals (unknowns) are 

represented by their molecular formula. Moreover, the significance was also confirmed by 

calculating the p-value of pair wise comparison of both genotypes on SAFF, LARD and SD 

diet. A non-parametric univariate test Mann-Whitney test was used for the calculation. A 

Venn diagram was constructed with all significant mass signals (in total 1185 mass signals), 

shown in Figure 3-5. We could find 862 significant mass signals differed between C57J and 

C57N mice on SAFF diet. Nine hundred forty four (944) mass signals were significantly 

changed between C57J and C57N on LARD diet. On SD diet, we could find 412 significantly 

changed mass signals. Moreover, 449 mass signals were uniquely changed between C57J and 

C57N mice on SAFF diet, 563 mass signals on LARD diet and 292 mass signals in SD diet. 

Overall, 26 mass signals were common in all three comparisons and significantly changed 

between C56J and C56N in all three diets. In the heatmap, the most abundant (calculated by 

the arithmetic mean of all intensity values for each mass signal) mass signals (Top 50) are 

shown Figure 3-6, that different between C57J and C57N on SAFF, LARD and SD diet.  

 

Figure 3-5 Venn diagram of all significantly changed mass signals between C57J and C57N mice 

on SAFF, LARD and SD diet 



 

 

 

Figure 3-6 Top 50 most abundant and significant mass signals between C57J and C57N on 

SAFF, LARD and SD diet; all displayed metabolites were significant with a p-value <0.05 

(Mann-Whitney test); Not annotated mass signals are indicated by their molecular formulas, 

detailed information are given Table 22 of appendix (Chapter 6) 

Four of these mass signals also differed C57J and C57N on SD diet (*, brown color, Figure 

3-6). All others mass signals did differ significantly between C57J and C57N on SD diet (**, 

beige color, Figure 3-6). One of these mass signals with molecular formula of C20H32O7S1 

(pink) we could already observe in Chapter 2.3.5 which was one of the sulfated metabolites 

from AAM pathway so called LTB4 sulfate. LTB4 sulfate was significantly decreased in 

C57N on SAFF diet, increased in C57N on LARD diet and decreased in C57N on SD diet 

(Figure 3-7). The presence of LTB4 sulfate could be confirmed by (-) TOF MS/MS 

fragmentation experiments given in Figure 5-10. A typical fragment of HSO4 and a neutral 

loss of SO3 were shown for LTB4 sulfate (Figure 5-10).  
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Figure 3-7: LTB4 sulfate was significantly between C57J and C57N in all three diets: # p-value = 

0.02955; ‡ p-value = 0.01430; $ p-value = 0.042357 (Mann Whitney test) 

3.4.3 Correlation studies: metabolites and body weight changes 

Next, we examined an association between the values of body weight changes of all groups 

and the metabolome data in order to investigate possible mass signals correlating positively 

with body weight changes in all six groups. We evaluated these correlations by calculating p-

values for every mass signal and took the top 50 significant mass signals, shown in Figure 

3-8. Mass signals that were correlating positively with body weight changes with correlation 

value (R) above 0.6, are shown in Figure 3-8.  



 

 

 

Figure 3-8 Top 50 mass signals correlated positively with body weight changes; Correlation was 

performed by Pearson algorithm with p-corr<0.05; Not annotated mass signals are indicated by 

their molecular formulas; detailed information are given Table 23 of appendix (Chapter 6) 

The mass signal with the highest correlation coefficient was annotated by the molecular 

formula of C16H26O5S1 (green label). This mass signal was significantly increased in C57N 

mice on SAFF and LARD diet. Subsequently, performed identification by MS/MS 

experiments were not possible due to low abundance Then we decided to extrapolate mass 

signals out of top 50 with highest intensity values of arithmetic mean of all samples. This 

mass signal derived a correlation value over 0.7 and p-corr = 1.4x10
-9

 and was annotated as 

the molecular formula of C15H20O5 (red label). This mass signal was also annotated in 

MassTRIX as a plant metabolite, which was a false positive annotation. We performed (-) 

TOF MS/MS experiments and MS/MS spectrum is shown in Figure 5-11. Unfortunately, it 
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was not possible to find plausible structures in order to identify the unknown metabolite. The 

metabolite was highly increased in C57N mice on SAFF and LARD diet, compared to SD diet 

and was significantly changed between C57J and C57N mice on SD diet and LARD diet.  

 

Figure 3-9 Two metabolites highly positively correlating with body weight changes in C57J and 

C57N mice after 3 weeks of dietary intervention p-corr (A)= 5.91744 x10-11; p-corr (B)= 

1.41677x10-9; Group comparison: A: # p-value = 0.00835; ‡ p-value = 0.00145; (Mann Whitney 

test); B: # p-value = 0.00060; § p-value = 0.02835 (Mann Whitney test) 

3.4.4 Cecal meta-metabolome changes between C57J and C57N 

after SAFF diet for three weeks 

Due to the best results derived from OPLS/O2PLS-DA model comparison, showed for C57J 

and C57N mice on SAFF diet we were focusing on describing and interpreting the results 

based on this comparison. The group of C57SAFF diet could be discriminated through four 

different mass signals annotated as sulfocholic acid, eicosadienoic acid and stearic acid 

(Figure 3-4, B). The fourth mass signal appeared to be an adduct of sulfocholic acid [M+Na – 

H]
-
, whereas a performed Pearson correlation between both mass signals obtained a value 

over 0.96. The group of SAFF B6J could be represented by three mass signals annotated as 

deoxycholic acid (DCA), taurocholic acid (TCA) and arachidonic acid (AA). Afterwards we 

were plotting sulfocholic acid as one representative of the C57N and DCA as the second 

representative of C57J to see the differences for all six groups, shown in Figure 3-10. DCA 

was increased in C57J on SAFF diet.  



 

 

 

Figure 3-10 Two B derived from S-Plot that were highly discriminative for C57J and C57N 

mice; A: Sulfocholic acid; B: Deoxycholic acid; B: # p-value = 0.02496 (Mann Whitney test) 

Other diets did not show any significant results. Sulfocholic acid did not show any significant 

results due to univariate statistical analysis but we observed higher levels in C57J and C57N 

mice on LARD diet. DCA and TCA are bile acids (BAs) and play an important role in 

discriminating the two groups of C57J and C57N on SAFF diet. Using this knowledge, we 

were looking specifically for further BAs especially C24 BAs and their conjugates (taurine, 

glycine and sulfate).  

3.4.4.1 Different Patterns of C24 Bile acids  

The OPLS/O2PLS-DA model could highlight already the important role of two BAs DCA 

(MS/MS spectrum in Figure 5-12) and TCA (MS/MS spectrum in Figure 5-13, B). 

Accordingly, we could find increased and significant different levels of oxocholanoic acid, 

oxocholenoic acid and cholandienoic acid in C57J mice (Figure 3-11). Increased but not 

significant patterns were observed for cholic acid (CA) and lithocholic acid (LCA) (Figure 

3-11).  
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Figure 3-11 All C24 BAs significantly changed between C57J and C57N; all displayed metabolites 

except cholic and lithocholic acid were significantly altered with a p-value <0.05 (Mann-Whitney 

test), detailed information are given Table 24 of appendix (Chapter 6) 

Contrary, other BAs such as hydroxycholic acid, trihydroxyoxocholanoic acid and 

trioxocholanoic acid were increased in the luminal content of cecum in C57JN mice, shown in 

Figure 3-11 and thus likely reflected different bacterial activity of the gut microbiome. DCA 

is one of the major secondary BA derived through dehydroxylation of bacteria in the gut. 

Narushima et al. indicates that Bacteroides is the main bacterial genus that is responsible for 

the dehydroxylation of CA to DCA (Narushima, Itoha et al. 2006). Interestingly, an increase 

of BAs was also observed in feces of diabetic mice (ob/ob mice) with elevated levels of CA 

and DCA (Li, Francl et al. 2012). Thus, could be explained through different regulation of 

bile acid pool, which is related to the disease state. Transgenic mice overexpressing 

cholesterol 7α-hydroxylase, which is involved in the biosynthesis of BAs from cholesterol, 

were resistant against diet-induced weight gain and development of fatty liver with elevated 

BAs concentration in the intestine (Li, Owsley et al. 2010). BAs are known to exert several 

biological effects in vivo, such as playing a role on lipid and cholesterol metabolism but also 

acting as signaling molecules and activating nuclear hormone receptors (Watanabe, Houten et 

al. 2006, Lefebvre, Cariou et al. 2009). Administration of CA to obese HFD-fed C57J mice 

led to a decrease in their body weight and improvement of insulin sensitivity. This effect was 

also observed in KK-A
y 

mice, which showed increased levels of CA, DCA, TCA and TDCA 

in liver and intestine, what were also observed in our study in cecal samples of C57J mice fed 

with a HFD. The difference of CA levels in the mentioned study of the Watanabe group is due 

to the supplemented CA in the diet (Watanabe, Houten et al. 2006). But also overexpression 

of enzymes involved in the biosynthesis of BAs were shown to play a key role in the 

regulation of body weight (Li, Owsley et al. 2010). Both studies indicated that energy 

expenditure was changed and they reported a higher CO2 production and O2 consumption. 



 

 

Microarray studies revealed altered gene expression of cholesterol and BA synthesis in liver 

and genes in energy expenditure in brown adipose tissue including an increased conversion of 

thyroxine to triiodothyronine by type 2 deiodinase. The action of BAs is most likely 

transmitted by TGR5 dependent signaling in brown adipose tissue rather than in liver 

(Watanabe, Houten et al. 2006). Taken together, our results indicate that there are differences 

of BAs biosynthesis in C57J and C57N mice. Thus, elevated patterns of certain BAs in the 

intestine can be associated with higher energy expenditure in the lean phenotype of C57J 

mice.  

3.4.4.2 C24 Taurine conjugated BAs differed between C57J and C57N 

mice 

As a further BAs involved in the discrimination of C57J and C57N mice was the taurine 

conjugate of CA (TCA). Furthermore, we could find nine other taurine conjugated C24-BAs 

derivatives. Significantly increased tauro (T)BAs were observed in C57J mice (Figure 3-12), 

including taurooxocholenoic acid (A), taurooxocholanoic acid (B), taurolithocholic acid (C), 

taurodioxocholanoic acid (D), taurohydrocyoxocholanoic acid (E), taurodeoxycholic acid 

(TDCA) (F), taurohydroxyoxocholanoic acid (G), TCA (H), taurohydroxycholanoic acid (I) 

and the sulfate conjugate of TCA: taurocholic acid sulfate (J). Confirmation was done by 

means of (-) TOF-MS/MS with a confirmation of taurodeoxycholic acid and TCA (MS/MS 

spectrum in Figure 5-13, A-B). The possible structures of the TBAs are displayed in Figure 

3-13. 
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Figure 3-12 C24 Taurine conjugated BAs between C57J and C57N mice on SAFF diet; A: # p-

value = 0.00630; B: # p-value = 0.02421; C: # p-value = 0.01316; D: # p-value = 0.00457; E: # p-

value = 0.01469; F: # p-value = 0.00561; G: # p-value = 0.00123; H: # p-value = 0.00457; I: # p-

value = 0.00632; J: # p-value = 0.00670 (Mann-Whitney test) 

The prominent changes of TBAs in C57J and C57N on SAFF diet rose up a question how the 

behavior is due to other two diets in C57J or C57N mice. Therefore, we plotted TCA as an 

example of the TBAs (Figure 3-14). We could observe that C57N mice had lower levels of 

TCA either on SAFF or on LARD diet. SD diet did not change the TCA levels between the 

two diets (Figure 3-14).  
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Figure 3-13 C24 Taurine conjugated BAs changed significantly between C57J and C57N mice on 

SAFF diet in cecal samples; A: taurooxocholenoic acid, B: taurooxocholanoic acid, C: 

taurolithocholic acid, D: taurodioxocholanoic acid, E: taurohydrocyoxocholanoic acid, F: 

taurodeoxycholic acid , G: taurohydroxyoxocholanoic acid, H: TCA, I: taurohydroxycholanoic 

acid, J:taurocholic acid sulfate 
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Figure 3-14 Taurocholic acid (TCA) pattern between C57J and C57N mice on SAFF, LARD or 

SD diet: # p-value = 0.00457; ‡ p-value = 0.01789 (Mann Whitney test) 

All others TBAs showed the similar behavior in SAFF and LARD diet comparing the C57J 

and C57N mice. These results underlined that diet could possibly influence the behavior of 

TBAs in mice. Watanabe et al. could observe, that the patterns of TBAs can be modulated by 

several factors especially diet, the supplementation with specific bile acids or farnesoid X 

receptors agonists (Watanabe, Horai et al. 2011). TBAs are higher in germfree mice compared 

to their conventional controls and are changed after antibiotic treatment resulted in higher 

levels of TCA and tauro-ß-muricholic acid (Claus, Tsang et al. 2008, Swann, Want et al. 

2011). Recently, El Aidy et al. described that TBAs are decreasing during conventionalization 

of germfree mice (El Aidy, Merrifield et al. 2012). As discussed above BAs play a crucial role 

in energy expenditure, also TCA and TDCA could increase thyroid hormone deiodinase type 

2 mRNA and activity. This enzyme is involved in the conversion of inactive thyroxine to its 

active hormone triiodothyronine through a cAMP dependent manner, taking place in brown 

adipose tissue (Watanabe, Houten et al. 2006). Moreover, TBAs did not affect cAMP levels in 

the liver but the action of TBAs was specifically taken part in brown adipose tissue (Wimmer, 

Hohenester et al. 2008). Lower abundance of TBAs in cecal content of C57JN mice could 

also be explained through an increase in their deconjugation by specific bacteria that are using 

sulfur containing taurine as an energy source (Ridlon, Kang et al. 2006, Devkota, Wang et al. 

2012). Devkota et al. showed that saturated fat (milk-derived) increased the percentage of 

TCA in bile that was responsible for a significant increase of a member of 

Deltaproteobacteria, B. wadsworthia (Devkota, Wang et al. 2012). The combination of a diet 

rich in saturated fat, mono-association with B.wadsworthia and simultaneous supplementation 



 

 

with TCA induced and progressed colitis in IL10
-/-

 mice. Martin et al. observed higher levels 

of TBAs in ileal flushes of human baby flora colonized germfree mice in comparison to 

conventional mice, which might be explained by changes in the abundance of Enterobacteria 

and Bacteroides in human baby flora colonized germfree mice (Martin, Dumas et al. 2007). In 

this study, elevated TBAS were more associated with the lower body weight changes of C57J 

mice and are more comparable with germfree mice, which also show leaner phenotype, 

compared to their conventional raised mice. This implicates that specific gut bacteria in C57N 

mice utilize the excreted TBAs as an energy source what might be responsible for the 

observed decrease of TBAs in obese mice (Van Eldere, Robben et al. 1988).  

3.4.4.3 Other conjugated C24 Bile acids altered between C57J and 

C57N mice on SAFF diet 

The glycine (G) conjugates of CA and DCA found to be significantly different between C57J 

and C57N mice on SAFF diet. Interestingly all three main G conjugated and sulfated (S) BAs 

of CA, DCA and LCA were detected and were significantly increased in C57J mice. 

Especially GCAS were increased 3-fold compared to C57N mice. Discovery of increased BA 

conjugates revealed that the sulfated form of LCA (SLCA) is increased in C57J mice, but also 

other sulfated BAs (CA and DCA) were detected but did not allow for discrimination between 

lean and obese mice in our study (Figure 3-15). The behavior of sulfocholic acid in the other 

diets is shown in Figure 3-10. Swann et al. showed that glycine conjugated BAs were 

decreased in germfree mice in different tissues (Swann, Want et al. 2011). Conjugation of 

LCA with sulfate provides a protection against the hepatotoxic effect of LCA through 

involving the cytochrome P450 enzyme Phase II reactions. In term, the sulfate conjugation of 

LCA was shown to be independently of microbial abundance/composition and catalyzed by 

SULTA2 (Deo and Bandiera 2008, Meinl, Sczesny et al. 2009).  
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Figure 3-15 Fold change plot of other conjugated BAs, including sulfates and glycine conjugates 

and their patterns between C57J and c57N mice; all displayed metabolites except sulfocholic and 

sulfodeoxycholic acid were significant with a p-value <0.05 (Mann-Whitney test), detailed 

information are given Table 24 of appendix (Chapter 6) 

3.4.4.4 C27 Taurine conjugated BAs differed between C57J and C57N 

mice 

Amongst C24 TBAs, we could find several C27 TBAS that were significantly decreased in 

C57N mice (Figure 3-16 ) such as taurotrihydroxycholestanoic (H) acid and 

taurodihydroxycholestanoic acid (E) that were annotated and already described in MassTRIX 

database. Moreover, we could find eight additional C27 TBAs including 

taurodihydrocholestenoic acid (A), taurocholestenoic acid (B), taurodioxocholestanoic acid 

(C), taurodihydroxycholestenoic acid (D), taurodihydroxyoxocholestenoic acid (F), 

taurodihydroxycholestenoic acid (G), taurotetrahydroxycholestenoic acid (I) and 

taurotetrahydroxycholestanoic acid (J), with increased ratio in C57J mice. The occurrence of 

taurodihydroxycholestenoic acid was also confirmed by (-) TOF MS/MS experiments 

(MS/MS spectrum in Figure 5-14, A). 



 

 

 

Figure 3-16 C27 Taurine conjugated BAs between C57J and C57N mice on SAFF diet, found in 

cecal content; A: # p-value = 0.02599; B: # p-value = 0.01057; C: # p-value = 0.00397; D: # p-

value = 0.00456; E: # p-value = 0.00456; F: # p-value = 0.00735; G: # p-value = 0.00371; H: # p-

value = 0.02252; I: # p-value = 0.00773; J: # p-value = 0.04102 (Mann Whitney test) 

We observed the same pattern of taurine conjugated C27 BAs compared to C24 BAs with 

similar increased levels in C57J mice. Additionally, we compared the pattern of 

taurodihydroxycholestanoic acid in whole study and observed significantly increased patterns 

in C57J mice on SAFF and LARD diet (Figure 3-16).  
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Figure 3-17 Taurodihydroxycholestanoic acid pattern between C57J and C57N mice on SAFF, 

LARD and SD diet: # p-value = 0.00456 (Mann-Whitney test) 

Some C27 TBAs such as tauropenta-, taurotetra- and taurotrihydroxycholestanoic acid were 

already described and observed in urine of patients with Zellweger syndrome or Refsum’s 

disease or with peroxisomes dysfunction in the liver (Lawson, Madigan et al. 1986, Libert, 

Hermans et al. 1991).  

3.4.4.5 Sulfates of C27 Bile acids in C57J and C57N mice 

Moreover, we also could find that two sulfate conjugates of C27 BAs were also increased in 

C57J mice of SAFF diet (Figure 3-18). Here we found dihydroxyoxocholestanoic acid sulfate 

(Figure 3-18, A) and dihydroxycholestenoic acid sulfate (Figure 3-18, B) decreased in C57N 

mice. Moreover, this increase was specific in C57J on SAFF diet and was not observed in 

C57J on LARD diet. In mice on SD diet no differences were shown but levels of for example 

were decreased compared to the other two diets (Figure 3-18). Dihydroxyoxocholestanoic 

acid sulfate was identified successfully, shown in MS/MS spectrum of Figure 5-14, B. 



 

 

 

Figure 3-18 Sulfate conjugates of C27 BAs between C57J and C57N on SAFF, LARD or SD diet, 

found in cecal content; A: # p-value = 0.02955; B: # p-value = 0.01760 (Mann Whitney test) 

3.4.4.6 Fatty acids and Eicosanoids in C57J and C57N mice 

In the S-Plot several fatty acids including arachidonic acid, stearic acid and eicosadienoic acid 

observed to be discriminative between C57J and C57N mice, whereas arachidonic acid 

(MS/MS spectrum in Figure 5-15, A) was significantly increased in C57J mice and 

eicosadienoic acid (MS/MS spectrum in Figure 5-15, B) was significantly increased in C57N 

mice (Figure 3-4). Moreover, we could find increased levels of docosahexaenoic acid, 

eicosapentaenoic acid, retinoic acid, LTB4 and hydroxyarachidonic acid in C57J mice (Figure 

3-19) that have been shown to modulate PPAR activity (Krey, Braissant et al. 1997).  

 

Figure 3-19 Fold change plot of fatty acids differed significantly between C57J and C57N mice 

on SAFF diet; all displayed metabolites were significant with a p-value <0.05 (Mann-Whitney 

test), detailed information are given Table 24 of appendix (Chapter 6) 
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In our study significant increased levels of docosadienoic acid, docosatrienoic acid as well as 

margaric acid (C17:0) were found in C57N mice (Figure 3-19). Fatty acids are known to act 

as endogenous ligands of Peroxisome Proliferator-Activated Receptors (PPAR) (Krey, 

Braissant et al. 1997). Several studies revealed that these receptors are involved in fatty acid 

and lipid homeostasis finding out that PPARα is responsible for catabolic metabolism of 

lipids and PPARγ is a regulator of adipogenesis (Chawla, Repa et al. 2001). Lysophosphatidic 

acid (LPA (C18:1)) is another bioactive lipid that is known to mediate adipocyte proliferation 

and differentiation, associated with a downregulation of PPARγ expression (Nobusue, Kondo 

et al. 2010). The presence of LPA in cecum is associated with obesity in C57JN mice.  

 

Figure 3-20 The behavior of LPA (C18:1) in cecal samples of C57J and C57N mice on SAFF, 

LARD and SD diet; # p-value = 0.00453; ‡ p-value = 0.03041; (Mann-Whitney test) 

These results were consistent with the results of the study of Federico et al., who pointed the 

promoting role of LPA in DIO study in mice (Federico, Ren et al. 2012).  

3.4.4.7 Endocannabinoid like metabolites in C57J and C57N mice 

Muccioli et al. showed the involvement of the endocannabinoid system in obesity (Muccioli, 

Naslain et al. 2010). They measured increased CB1mRNA levels in colon of ob/ob mice and 

their modulation by several factors such as antibiotics, absence of bacteria, HFD and 

prebiotics. In terms of anandamides, arachidonoylethanolamide (AEA) and 2-

Arachidonoylglycerol (2-AG) are endogenous ligands for CB1 whereas AEA levels were 

reduced in obese mice fed with prebiotics and 2-AG was not affected (Muccioli, Naslain et al. 

2010). In our study no changes were observed for 2-AG in cecum samples between C57J and 



 

 

C57N mice on SAFF diet and AEA of arachidonic acid was not detected (Figure 3-21, A). 

But, solely comparing the impact of different diets we could see that the applied diets 

influence the levels of 2-AG independently of the genotype (Figure 3-21, A) (ANOVA p-

value: 5.88x10
-6

).  

 

Figure 3-21 Two endocannabinoids alterations between C57J and C57N mice on SAFF, LARD 

or SD diet in cecal samples: B: # p-value = 0.02955 (Mann-Whitney test) 

In SAFF and LARD diet we observed lower levels of 2-AG (Figure 3-21, A) which 

underlined the HFD influence shown by Muccioli et al. (Muccioli, Naslain et al. 2010). 

Interestingly, other endocannabinoid like molecules were increased in obese C57JN mice, 

primarily consisting of saturated/mono-unsaturated FAs (stearic acid, oleic acid, erucic acid, 

20:1 and 20:2 fatty acids), shown in Figure 3-22. Previous studies demonstrated that 

oleoylethanolamine (OEA) is not involved in the activation of the endocannabinoid system 

like AEA but modulates satiety and decreases body weight (Capasso and Izzo 2008). It was 

suggested that OEA is mediating these functions through activation of PPARα, whereas 

stearoylethanolamine and AEA had no effect on PPARα. Contrary, in this study 

stearoylethanolamine is likely associated with the obese status of C57N strain. Elevated levels 

of OEA in cecal samples might lead to a lower OEA abundance and likely decreased activity 

in the organism that could result in a decrease on the activation of PPARα pathway and a 

decreased lipid catabolism (Fu, Gaetani et al. 2003). Interestingly, LARD and SD diet could 

not influence the levels of OEA between C57J and C57N mice, shown in Figure 3-21, B. In 

total, these results and the decreased levels of certain fatty acids and eicosanoids in C57N 

confirm moreover the differently regulated PPAR pathways in C57 mice (Chapter 3.4.4.6).  
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Figure 3-22 Fold change plot of endocannabinoids differed significantly between C57J and C57N 

mice on SAFF diet in cecal samples; all displayed metabolites were significant with a p-value 

<0.05 (Mann-Whitney test), detailed information are given Table 24 of appendix (Chapter 6) 

3.4.4.8 Lipid changes between C57J and C57N mice 

We could also determine significantly increased ratios of ceramides, lysophosphatides 

(LysoPAs), phosphatides (PAs), lysophosphocholines (LysoPCs), phosphoethanolamines 

(PEs), and phosphoglycerols (PGs) in C57N mice. Previously, a study in ob/ob mice depicted 

predominantly changes of tri- and diacylglycerols, phosphoglycerols and ceramide species 

(Yetukuri, Katajamaa et al. 2007). Increased ratios were shown for example for the ceramide 

species Cer(18:1/18:0) and Cer(18:1/16:0) in liver of ob/ob mice. In our study, elevated levels 

of different ceramide species predominantly with saturated fatty acid moieties were observed: 

Cer(34:0), Cer(36:0) or Cer(40:0). Also, our study is indicating that lipid profiles in intestinal 

samples may also linked with the HFD-induced obesity in C57N sub strain (Samad, Hester et 

al. 2006).  

Table 7 Lipid changes between C57J and C57N fed with SAFF diet 

[M-H]- Compound Name Monoisotopic 

mass 

C57J C57N log2 fold 

change 

Increased p-value Molecular 

Formula 

Ceramides         

538.52044 Cer(34:0) 539.527714 2.9E+07 4.7E+07 -0.71 C57N 0.00155 C34H69NO3 

552.53605 Cer(35:0) 553.543321 7.8E+06 1.2E+07 -0.57 C57N 0.04095 C35H71NO3 

566.55144 Cer(36:0) 567.558711 1.8E+07 3.9E+07 -1.14 C57N 0.00372 C36H73NO3 

622.61441 Cer(40:0) 623.621683 4.6E+06 7.8E+06 -0.77 C57N 0.00562 C40H81NO3 

636.63002 Cer(41:0) 637.637295 1.0E+06 1.6E+06 -0.65 C57N 0.00526 C41H83NO3 

648.62990 Cer(42:1) 649.637172 6.5E+06 9.9E+06 -0.60 C57N 0.00835 C42H83NO3 

678.67681 Cer(44:0) 679.684083 3.3E+05 1.9E+06 -2.54 C57N 0.02926 C44H89NO3 

LysoPA; PA                

379.18945 PA(14:1) 380.196730 2.7E+06 4.9E+05 2.43 C57J 0.02175 C17H33O7P 

421.27251 PA(18:0) 422.279784 3.0E+06 8.7E+06 -1.55 C57N 0.00535 C21H43O6P 

435.25176 PA(18:1) 436.259036 9.4E+06 2.9E+07 -1.62 C57N 0.00453 C21H41O7P 

479.31399 PA(21:0) 480.321263 6.6E+06 2.7E+06 1.26 C57N 0.02886 C24H49O7P 

671.46527 PA(34:2) 672.472549 8.4E+05 3.1E+06 -1.90 C57N 0.01268 C37H69O8P 

673.48151 PA(34:1) 674.488784 1.7E+06 6.1E+06 -1.82 C57N 0.00762 C37H71O8P 

LysoPC; PE                

411.23883 LysoPC(10:0) 412.246105 2.9E+07 4.7E+07 -0.70 C57N 0.02497 C18H39NO7P 

514.29393 LysoPC(18:4) 515.301204 3.0E+07 4.2E+06 2.84 C57J 0.02647 C26H46NO7P 

676.49243 PE(31:0) 677.499702 1.1E+07 1.7E+07 -0.60 C57N 0.01761 C36H72NO8P 

688.49191 PE(32:1) 689.499185 3.7E+06 7.2E+06 -0.98 C57N 0.00685 C37H72NO8P 

690.50803 PE(32:0) 691.515309 1.6E+06 1.1E+07 -2.74 C57N 0.00068 C37H74NO8P 

702.50784 PE(33:1) 703.515114 1.0E+07 1.8E+07 -0.87 C57N 0.00242 C38H74NO8P 

704.52337 PE(33:0) 705.530643 3.1E+05 3.2E+06 -3.35 C57N 0.00152 C38H76NO8P 

716.52375 PE(34:1) 717.531023 1.0E+07 1.9E+07 -0.94 C57N 0.00242 C39H76NO8P 

718.53882 PE(34:0) 719.546097 1.0E+06 2.2E+06 -1.16 C57N 0.00222 C39H78NO8P 

728.52349 PE(35:2) 729.530764 1.0E+06 1.7E+06 -0.79 C57N 0.01173 C40H76NO8P 

730.53905 PE(35:1) 731.546323 6.5E+05 4.8E+06 -2.88 C57N 0.00105 C40H78NO8P 

740.52299 PE(36:3) 741.530262 1.1E+06 3.6E+06 -1.70 C57N 0.02006 C41H76NO8P 

PG                

483.27278 PG(16:0) 484.280053 8.8E+06 1.5E+07 -0.80 C57N 0.00562 C22H45O9P 

495.30946 PG(P-18:0) 496.316736 4.9E+05 3.0E+06 -2.63 C57N 0.02404 C24H49O8P 



 

 

505.25706 PG(18:3) 506.264335 2.1E+07 6.0E+07 -1.49 C57N 0.00686 C24H43O9P 

509.28837 PG(18:1) 510.295646 3.3E+06 8.9E+06 -1.42 C57N 0.01414 C24H47O9P 

511.30397 PG(18:0) 512.311249 4.6E+06 9.1E+06 -0.98  0.01213 C24H49O9P 

677.47594 PG(30:1) 678.483215 6.8E+06 1.5E+07 -1.10  0.00562 C36H71O9P 

689.47592 PG(31:1) 690.483194 2.7E+05 1.7E+06 -2.68  0.04621 C37H71O9P 

691.49209 PG(31:1) 692.499364 1.9E+07 4.4E+07 -1.18  0.00835 C37H73O9P 

703.49222 PG(32:1) 704.499496 1.6E+06 6.7E+06 -2.06  0.00320 C38H73O9P 

707.48703 PG(31:0) 708.494310 7.0E+06 1.4E+07 -1.01  0.00458 C37H73O10P 

721.50270 PG(32:0) 722.509972 8.0E+06 2.2E+07 -1.43  0.00155 C38H75O10P 

721.53936 PG(33:0) 722.546631 1.0E+06 3.2E+06 -1.70  0.02036 C39H79O9P 

731.52340 PG(34:2) 732.530678 3.5E+07 7.3E+07 -1.06  0.01761 C40H77O9P 

733.53860 PG(34:1) 734.545871 4.6E+06 1.1E+07 -1.21  0.00835 C40H79O9P 

749.53353 PG(34:0) 750.540804 3.5E+06 8.4E+06 -1.27  0.00799 C40H79O10P 

757.53857 PG(36:3) 758.545850 2.0E+06 6.2E+06 -1.60  0.00699 C42H79O9P 

761.53408 PG(35:1) 762.541352 7.3E+06 1.5E+07 -1.05  0.00835 C41H79O10P 

761.57043 PG(36:0) 762.577706 3.2E+05 2.2E+06 -2.83  0.02404 C42H83O9P 

763.54988 PG(35:0) 764.557152 5.8E+05 3.4E+06 -2.55  0.01435 C41H81O10P 

771.51785 PG(36:3) 772.525128 4.6E+05 2.4E+06 -2.39  0.01792 C42H77O10P 

775.54962 PG(36:1) 776.556895 1.3E+07 3.1E+07 -1.25  0.00562 C42H81O10P 

801.56563 PG(38:2) 802.572908 2.8E+06 1.2E+07 -2.13  0.00139 C44H83O10P 

3.4.4.9 Bacterial derived metabolite patterns between C57J and C57N 

mice: Lignans and urobilinoids 

Enterolactone and enterodiol are metabolites that are produced by intestinal bacteria and have 

been reported to exert beneficial effects in a mammalian system(Woting, Clavel et al. 2010). 

In our study, the precursor plant lignans matairesinol, secoisolariciresinol and lariciresinol did 

not differ between the two mice strains, but the bacterial converted metabolites enterolactone 

and enterodiol were increased in cecal content of C57J mice on SAFF and LARD diet. SD 

diet did not influence levels of both metabolites between C57J and C57N mice (Figure 3-23). 

The presence of enterolactone in cecal samples was confirmed by (-) TOF-MS/MS 

experiments (MS/MS spectrum in Figure 5-16, A). Studies showed that low concentrations of 

enterolactone in human plasma were positively correlated with obesity (Sonestedt, Borgquist 

et al. 2008). Recently, a study revealed that administration of secoisolariciresinol in obese 

mice reduces in HFD-induced body weight. Subcutaneous injection of enterolactone and 

enteridiol tended to decrease body weight of obese mice (Tominaga, Nishi et al. 2012).  

 

Figure 3-23 Lignans and their metabolites enterolactone and enterodiol patterns in C57J and 

C57N mice after SAFF, LARD or SD diet in cecal samples; B: # p-value = 0.03485; ‡ p-value = 

0.00550; C: # p-value = 0.00835; ‡ p-value = 0.00705 (Mann-Whitney test) 
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Several bilirubin degradation compounds were increased in C57N including urobilinogens 

and urobilins. In detail, we observed higher levels of D-, L- and I-Urobilinogen and increased 

levels of D- and L-Urobilin in C57N mice (Figure 3-24). The presence of L-Urobilin was 

confirmed by (-) TOF-MS/MS experiments (MS/MS spectrum in Figure 5-16, B). 

 

Figure 3-24 Fold change plot of urobilinoids between C57J and C57N mice on SAFF diet in cecal 

samples; all displayed metabolites except bilirubin were significant with a p-value <0.05 (Mann-

Whitney test), detailed information are given Table 24 of appendix (Chapter 6) 

The degradation of bilirubin occurs through intestinal bacteria but interestingly the levels of 

bilirubin were not changed between C57J and C57N (Tiribelli and Ostrow 2005). The 

increased presence of so-called urobilinoids resulted likely due to different microbial 

communities in C57J and C57N mice. In germfree mice no urobilinoid formation was 

observed but the amount of bilirubin was comparable with the sum of bilirubin and all 

urobilinoids, detected in conventional mice (Gustafsson and Lanke 1960). Until now, several 

bacterial strains were found to contribute to bilirubin catabolism: such as unclassified 

Clostridium species, E.coli (Gustafsson and Lanke 1960) Clostridium perfringens, 

Clostridium ramosum and Clostridium difficile (Vítek, Zelenka et al. 2005) and Bacteriodes 

fragilis (Fahmy, Gray et al. 1972, Jedlitschkys, Volkls et al. 1991). Besides this, the absence 

of bacteria like in germfree mice, but also antibiotic treatment decreased markedly the fecal 

excretion of urobilinoids but also the fecal bilirubin concentration (Vítek, Zelenka et al. 

2005). Lower urobilinoids in feces were also dependent on the applied antibiotic drug (Vítek, 

Zelenka et al. 2005). Next, we showed the behavior of urobilinoids L-urobilin and L-

urobilinogen as well as bilirubin in all groups and the impact of the diets. The patterns of L-

Urobilinogen were significantly increased in C57N mice on SAFF and LARD diet, whereas 

L-Urobilin was significantly increased in C57N on SAFF diet but not in LARD diet fed mice. 

We could also see the different behavior of urobilinoids is dependent on the applied diets. The 

levels of urobilinoids were increased in mice on SAFF and LARD diet (Figure 3-25).  



 

 

 

Figure 3-25 Bilirubin and two urobilinoids L-Urobilin and L-Urobilinogen patterns comparing 

cecal samples of C57J and C57N mice on SAFF, LARD and SD diet: A: # p-value = 0.02496; B: # 

p-value = 0.02100; ‡ p-value = 0.00898 (Mann-Whitney test) 

The levels of bilirubin were increased in SAFF and LARD diet mice compared to the SD diet 

mice (Figure 3-25, A). Thus, we assume that diet could be also one of the factors that affect 

the levels of urobilinoids in mice.  

3.4.4.10 Novel metabolites identified between C57J and C57N mice 

According the comparison of C57J and C57N on SAFF diet we revealed that one mass signal 

obtained the highest p-value of 0.00011 (Mann-Whitney test). The mass signal was also 

significantly increased in C57J mice on LARD diet, but not SD diet (Figure 3-26, A). This 

mass signal with experimental mass value of [M-H]
-
: 383.197532 and the neutral molecular 

formula composition of C22H28N2O4 were then subjected to MS/MS identification 

experiments (Figure 4-10).  
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Figure 3-26 A novel metabolite called diphloretoylputrescine identified in cecal content of C57J 

mice and its pattern between C57J and C57N mice on SAFF, LARD or SD diet; B: # p-value = 

0.00011; ‡ p-value = 0.00007 (Mann-Whitney test) 

The most plausible metabolite that we considered due to the given MS/MS fragments is 

shown in Figure 3-26, B. The MS/MS spectrum of this metabolite and detailed fragmentations 

are shown in Figure 5-17. This metabolite is likely consisting of two molecules of 

hydroxyphenylpropionic acid (also known as phloretic acid or dihydrocoumaric acid) and a 

putrescine molecule as the linkage (Figure 3-26). This metabolite is likely produced through 

an enzymatic condensation of the carboxyl group of phloretic acid and the amino group of 

putrescine. The metabolite is so-called diphloretoylputrescine and belongs to the class of 

polyamine conjugates. Phloretic acid is a degradation product of the tyrosine metabolism and 

putrescine is originated through microbial degradation of proteins (Booth, Masri et al. 1960, 

Welters, Dejong et al. 1999). Previously, related polyamine conjugates with different phenol 

containing molecules such as coumaric, ferulic and caffeic acid were discovered, 

predominantly in plants (Moreau, Nuñez et al. 2001, Choi, Lee et al. 2007). Especially, the 

conjugates dicoumaroylputrescine and diferuoylputrescine were shown to be anti-

inflammatory and inhibit nitric oxide production in macrophages (Kim, Min et al. 2012). 



 

 

3.4.5 Comparative analysis of cecal meta-metabolome pattern 

between C57J and C57N mice on SAFF diet using UPLC-TOF-

MS  

Here, again the focus was to examine the differences of cecal metabolome between the two 

strains after SAFF diet. Cecal samples of C57J and C57N mice were separated using a RP 

column (C8, Waters© Acquity™ UPLC® BEH™ C8 column (1.7 μm, 2.1 × 150 mm)). Here 

we focused also on the data derived from (-) UPLC-TOF-MS mode. The LC-MS data was 

then processed with an MzMine, resulted in 1580 features in subsequent subjection with 

MSA. The data reduction using PCA showed a sufficient separation of C57J and C57N mice, 

whereas the PC1 declares 27.2 % and the PC2 explains 10.5 % of the total variance (Figure 

3-27, A). Furthermore, a non-parametric univariate test Mann-Whitney test was used for the 

calculation of significant features between C57J and C57N on SAFF diet, resulting in 240 

significant features. Afterwards we compared the metabolites derived through the FT-ICR-

MS elaboration and extrapolated the overlaying significantly changed metabolites between 

FT-ICR-MS and UPLC-TOF-MS experiments. We found 17 different metabolites, which 

matched in both analyses. The metabolites that were also found in UPLC-TOF-MS analysis 

are shown in the heatmap (Figure 3-27, B). We could find conjugated BAs, especially the 

taurine conjugates, the lignane catabolites enterolactone and enterodiol and urobilinoids that 

discriminateC57J and C57N mice, shown in Figure 3-27, B.  
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Figure 3-27 A: PCA scores scatter plot of cecal metabolome including C57J and C57N mice on 

SAFF diet by using (-) UPLC-TOF-MS analysis B: A heatmap visualizing the significantly 

changed metabolites found by comparison of (-) UPCL-TOF-MS with (-) FT-ICR-MS 

measurements; all displayed metabolites are significant with a p-value <0.05 (Mann-Whitney 

test), detailed information are given Table 26 of appendix (Chapter 6) 



 

 

3.4.6 Cecal meta-metabolome changes between C57J and C57N, 

dependent on the fed diet  

As next, we determined all mass signals that were only significant in one diet between C57J 

and C57N but remained unchanged in the other two (Figure 3-5, Venn diagram, orange, red 

and green). We filtered only on the top 10 of highly abundant mass signals that were 

significantly different between C57J and C57N on a specific diet but not in the other two 

diets.  

3.4.6.1 Altered metabolites between C57J and C57N fed with SAFF 

diet 

The analyses of the unique metabolites significantly changed between C57J and C57N after 

three weeks of SAFF diet are summarized in Table 8. In detail, these metabolites were 

unsaturated FAs, BAs, sulfated C27 BAs and L-Urobilin but also sulfated phytosterines (Table 

8).  

Table 8 Uniquely differed metabolites between C57J and C57N after SAFF diet 

[M-H]- Compound Name Monoisotopic 

mass 

C57J C57N log2 fold 

change 

Increased p-value Molecular 

Formula 
303.232832 Arachidonic Acid (C20:4) 304.2402172 2.96E+09 1.09E+09 1.44 C57J 0.01760 C20H32O2 

327.233001 Docosahexanoic acid (C22:6) 328.2402172 5.76E+08 1.80E+08 1.68 C57J 0.01222 C22H32O2 

365.233356 Urocortisol 366.2406114 2.79E+08 8.21E+08 -1.55 C57N 0.04791 C21H34O5 

391.285157 Deoxycholic acid 392.292644 1.57E+10 9.86E+09 0.67 C57J 0.02496 C24H40O4 

423.275108 Tetrahydroxycholanoic acid 424.282474 5.43E+08 8.17E+08 -0.59 C57N 0.01760 C24H40O6 

427.26193 Deoxycholic acid [M+Cl]- 427.261497 5.54E+08 2.52E+08 1.14 C57J 0.00155 C24H40O4Cl 

479.319867 Campesterylsulfate 

(Phytosterine) 

480.3273128 4.55E+08 3.05E+08 0.57 C57J 0.00097 C28H48O4S1 

493.335481 Stigmastenylsulfate 

(Phytosterine) 

494.342962 5.39E+08 2.88E+08 0.90 C57J 0.00242 C29H50O4S1 

527.268213 Dihydroxyoxocholestanoic acid 

sulfate 

528.2756744 9.67E+08 6.10E+08 0.66 C57J 0.02955 C27H44O8S1 

593.334357 L-Urobilin 594.3417176 5.20E+08 1.04E+09 -1.00 C57N 0.02496 C33H46N4O6 
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3.4.6.2 Altered metabolites between C57J and C57N fed with LARD 

diet 

The unique metabolites that discriminated C57J and C57N on LARD diet were predominantly 

fatty acids such as oleic acid or icosatrienoic acid, lithocholic acid, hydroxyalphatocopherol 

and sarcostin, shown in Table 9. All shown metabolites were exclusively increased in C57N 

mice.  

Table 9 Uniquely differed metabolites between C57J and C57N fed with LARD diet 

[M-H]- Compound Name Monoisotopic mass C57J C57N log2 fold change Increased p-value Molecular Formula 

241.217339 Pentadecanoic acid 242.224568 2.5E+08 4.1E+08 -0.70 C57N 0.00710 C15H30O2 

281.248393 Oleic acid 282.2558664 9.1E+09 1.5E+10 -0.71 C57N 0.03376 C18H34O2 

299.259197 Hydroxystearic acid 300.2664306 9.4E+08 2E+09 -1.09 C57N 0.02748 C18H36O3 

305.248438 Icosatrienoic acid 306.2558664 2.4E+09 4.4E+09 -0.89 C57N 0.00044 C20H34O2 

329.248637 Docosapentanoic acid 330.2558664 6.1E+08 1.1E+09 -0.84 C57N 0.00705 C22H34O2 

331.264194 Docosatetraenoic acid 332.2715156 7.1E+08 1.2E+09 -0.78 C57N 0.02748 C22H36O2 

375.29046 Lithocholic acid 376.297729 3.4E+08 6.3E+08 -0.89 C57N 0.02224 C24H40O3 

381.228178 Sarcostin 382.2355264 4.7E+08 8.3E+08 -0.82 C57N 0.04126 C21H34O6 

445.368713 Hydroxyalphatocopherol 446.375975 2.1E+08 4.6E+08 -1.10 C57N 0.00081 C29H50O3 

483.205666 Unknown 484.2130776 5.5E+07 5.7E+08 -3.38 C57N 0.01430 C24H36O8S1 

3.4.6.3 Altered metabolites between C57J and C57N fed with SD diet 

In SD diet, we also found different metabolites that were changed significantly between C57J 

and C57N. However, it was difficult to classify these metabolites based on the annotation, 

shown in Table 10. However, we could observe six different C29 containing metabolites that 

were overall increased in C57J mice (Table 10). Moreover, performed MS/MS experiments 

could not provide sufficient information about the metabolites to identify clearly the 

annotated metabolites.  

Table 10 Uniquely differed metabolites between C57J and C57N fed with SD diet 

[M-H]- Compound Name Monoisotopic mass C57J C57N log2 fold change Increased p-value Molecular Formula 

301.165733 Glycerol tributyrate 302.1729296 4.8E+07 1.8E+08 -1.90 C57N 0.01182 C15H26O6 

343.321753 1-O-Octadecylglycerol 344.3290274 2.9E+08 1.8E+08 0.70 C57J 0.02835 C21H44O3 

457.295837 Unknown 458.3032082 5.1E+08 1.8E+08 1.49 C57J 0.00448 C28H42O5 

459.311441 Stoloniferone G 460.3188574 1.2E+08 7.5E+07 0.63 C57J 0.01182 C28H44O5 

469.296007 Minabeolide 470.3032082 4.4E+08 2.6E+08 0.76 C57J 0.00737 C29H42O5 

471.311515 Unknown 472.3188574 7.3E+09 3E+09 1.25 C57J 0.00448 C29H44O5 

473.32706 Acetoxydihydroxycalciferol 474.3345066 1.5E+09 4.8E+08 1.61 C57J 0.00448 C29H46O5 

485.290813 Hydrocortisone cypionate 486.2981232 1.4E+09 6.3E+08 1.16 C57J 0.00737 C29H42O6 

519.27839 Unknown 520.2858444 1.6E+08 7.2E+07 1.13 C57J 0.00737 C29H44O6S1 

535.273697 Unknown 536.2807594 1.8E+08 5.9E+07 1.62 C57J 0.00448 C29H44O7S1 



 

 

3.4.7 Diet induced alterations in cecal meta-metabolome of C57 

mice 

Our next approach was to observe the differences in the metabolome that were significantly 

changed due to the diets. Therefore, we performed a univariate ANOVA analysis. We could 

find 2839 mass signals from 3903 mass signals that were significantly altered between all 

three diets. Different diets had a large impact on cecal metabolome independently from the 

mouse genotype and obesity related changes.  

 

Figure 3-28 Top 50 highly abundant mass signals differed significantly between SAFF, LARD 

and SD diet; all displayed metabolites were significant with a p-value <0.05 (ANOVA); Not 

annotated mass signals are indicated by their molecular formulas 

We extrapolated then all significant and highly abundant mass signals that were responsible 

for the discrimination between SAFF, LARD and SD diet. The mass signals responsible for 

the separation due to different diet were displayed in the heatmap (Figure 3-28). Different 
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metabolites were affected and differed due to diets such as fatty acids, bile acids but also 

lignans and urobilinoids (Figure 3-28 and Figure 3-29). For example, palmitic acid was 

increased in cecal metabolome in SAFF fed mice (Figure 3-29, A) compared to other diets. 

The AAM metabolite COOH-LTB4 was increased in SAFF and LARD diet (Figure 3-29, B). 

The bile acid DCA (Figure 3-29, C) and the lignane catabolite enterolactone (Figure 3-29, D) 

were increased in SAFF diet mice. Vitamin E was increased in SAFF and decreased in LARD 

diet compared to SD diet (Figure 3-29, E). Sulfolinoleic acid was highly increased in SAFF 

diet compared to other diets (Figure 3-29, F).  

 

Figure 3-29 Six metabolites differed significantly between the diets A: Palmitic acid p-value 

(ANOVA) = 1.47061E-06; B: COOH-LTB4 p-value (ANOVA) = 7.31956E-03; C: DCA p-value 

(ANOVA) = 9.20414E-04; D: Enterolactone p-value (ANOVA) = 6.08204E-03; E: Vitamin E p-

value (ANOVA) = 6.81139E-06; D: Sulfolinoleic acid p-value (ANOVA) = 4.26401E-07; detailed 

information are given of appendix (Chapter 6) 



 

 

Several metabolomics studies were conducted in order to study the effect of high fat diets on 

obesity and/or insulin resistance. In our study, the C57N mouse strain developed obesity on 

SAFF and LARD diet compared to the SD diet. The advantage of our study was that the 

C57N mouse strain developed obesity on SAFF or LARD diet compared to the lean C57J 

mouse strain. Thus, we can differentiate between diet-related effects and obesity-related 

effects as we considered only the differences of C57J and C57N on the SAFF diet. Shearer et 

al. compared high-fat fed C57BL/6J mice to chow fed mice by applying a 
1
H-NMR metabolic 

profiling study of sera plasma for 12 weeks (Shearer, Duggan et al. 2008). They reported 

about metabolites involved in the energy metabolism like citrate and amino acids such as 

leucine. Another study performed a GC-MS based metabolomics approach with insulin – 

resistant mouse strain compared to the control wildtype strain and the effect of diet containing 

safflower diet (Li, Hu et al. 2010). For example, TCA was significantly decreased in liver and 

plasma samples due to diet in wild type mice but not the insulin resistant mice. In our study, 

TCA was changed between C57J and C57N mice on SAFF diet and LARD diet but the 

different diets did not affect the TCA levels. In our study, decreased TCA levels were strongly 

associated with body weight increase in C57N on SAFF and LARD study. They showed that 

palmitic acid was increased in wildtype mice associated with both diets. Here, palmitic acid 

was significantly increased in LARD diet in both strains. This is probably due to the LARD 

diet composition with high content of palmitic acid in diet. In another study of high-fructose 

diet, metabolite profiles were investigated in rats by LC-MS/MS metabolomics approach (Lin, 

Yang et al. 2011). High-fructose diet revealed increased blood glucose levels at the beginning 

and after an oral glucose tolerance test but the rats had lower body weights compared to the 

control rats (Lin, Yang et al. 2011). They could find different lipids such as 

phosphatidylcholines, lysoPCs and lysoPEs that were changed after high fructose diet 

measured in plasma, liver and skeletal muscles samples from rats (Lin, Yang et al. 2011). We 

could already observe different lipid patterns between C57J and C57N on SAFF diet that were 

related to the body weight changes in C57N mice. We could observe different ceramides, PA, 

lysoPCs, PEs and PGs. 
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3.5 Summary and Conclusion 

Here, in this study we investigated the role of different diets and genotype susceptibility of 

two sub strains of C57BL/6 mice. We could show that both diet and genotype influences the 

phenotype resulting in increased body weight in C57N mice. By applying an unbiased 

metabolomics approach, we highlighted the meta-metabolome differences, especially by 

focusing on the analysis of one diet in two substrains. For example, bile acids were key 

metabolites that were changed in C57J and C57N mice. Bile acids are known to exert many 

biological functions such as regulating energy expenditure in receptor dependent manner. The 

different signature of bile acids can be also regarded as a functional output of different 

bacterial community and their metabolism. Especially, the systematic behavior of taurine 

conjugates of C24 and C27 BAs between C57J and C57N mice indicated the appearance of 

distinct gut microbial communities in cecal samples. Taurine deconjugation of bile acids is a 

specific feature belonging to bacterial metabolism. Bile acids and their conjugates either 

taurine or sulfates are known to be co-microbial metabolites, studied before in germ free and 

antibiotic treated mice. We have to mention that six taurine conjugated C24 bile acids, eight 

taurine conjugated C27 bile acids and the sulfates of C27 bile acids were not given in any 

metabolomics database including HMDB, KEGG or Lipid Maps. Fatty acids but also lipids 

were altered providing an insight into lipid metabolism of obesity related changes in 

gastrointestinal samples, here in cecum, a biological matrix that were never considered before 

to be an matrix for a global lipidomics approach. In the context of bacterial metabolism, we 

could highlight the role of lignane metabolites and urobilinoids but also novel metabolites. 

Moreover, the novel metabolite diphloretolyputrescine was never reported before in a 

mammalian system and its function is probably unknown. Additionally, is the signature of 

several metabolites is affected by the applied diet, the probable genotype susceptibility and 

majorly to the resulted body weight changes after the specific diet experiment. Host and 

bacterial meta-metabolome were altered and in future, several targets could be approached in 

order to reveal the mechanism due to DIO and genotype susceptibility of the C57BL/6 sub 

strains. 



 

 

 

 

 

 



 

 

Chapter IV 

METABOLOMICS – ANALYTICAL 

CHEMICAL DEVELOPMENT 

OVERVIEW 

Prior to performing a metabolomics study several steps are needed in order 

of appropriate metabolite extraction, application of the analytical tools, the 

data processing, statistical analyses, handling the multivariate containing 

data and extrapolation of important biological meaning.  
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Chapter IV 

4 Non targeted meta - metabolomics – Workflow 

4.1 Overview 

In order to perform an appropriate non-targeted meta-metabolomics study several processing 

steps are needed to be evaluated, concerning sample collection, preparation, the analytical 

biochemical analyses, data alignment, filtration, the multivariate statistical analysis and data 

elaboration in terms of annotation, identification and interpretation of important metabolites 

and connect them into biological context (Figure 4-1).  

 

Figure 4-1: Scheme of the gut meta-metabolomics workflow for intestinal samples 



 

 

4.2 Sample collection 

In every performed study, the mice were euthanized with isoflurane and the complete 

gastrointestinal tract was immediately removed from each animal. All instruments for 

handling with microbial samples were treated with ethanol and were scarfed for sterile 

condition. The gastrointestinal tract was divided into five parts: stomach, duodenum, jejunum, 

ileum and cecum. The colon was divided into proximal, middle and distal part. The luminal 

content of the cecum and the proximal, middle and the distal part of the colon of each group 

was collected in Eppendorf tubes and immediately snap-frozen, quenched in liquid nitrogen 

and preserved at -80°C prior to further experiments. Additionally, feces droppings were 

collected in the cages after sacrification of the mice and stored at -80°C conditions. For the 

main experiments of non-targeted metabolomics of each study, the luminal content or feces 

was taken. Details about the matrices that were taken for metabolomics studies are then given 

in the respective chapters.  

4.3 Evaluation of sample preparation for intestinal 

samples 

The first step after sampling the luminal content was to investigate the best extraction 

procedure that was suitable for a high-throughput procedure for a non-targeted metabolomics 

approach. 

4.3.1 Comparison of different solvents for metabolite extraction 

For this approach, five different solvent systems were used: Acetone (AT), Acetonitrile 

(ACN), Methanol (MEOH), Water (H2O) and a mixture of 50:50 MEOH/H2O. The solvents 

except H2O were pre-chilled in -20°C and the sample pooling was done on dry ice to avoid 

any enzymatic degradation. Also two different homogenization steps were compared by using 

a vortex shaker (VS) and ultrasonic bath system (US). For this experiment a mixture of 

different parts of the intestinal content were taken and pooled together (cecum and colon 

samples). About 1 mL of cooled solvent was taken for the extraction. The homogenization 

was either performed for 30 seconds (VS) on 30 min on ice (US) was done in the sonication 

step. Afterwards, the homogenized samples were centrifuged at 14000 rpm for 10 min and the 

supernatant was taken for further analyses. The analyses was performed in (-) FT-ICR-MS 

and (-) UPLC-MS mode. For (-) FT-ICR-MS measurements about 100 µl were diluted in 400 
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µl of pure methanol. For the UPLC-MS analyses, about 500 µL were evaporated and dried 

samples were reconstituted in 100 µL of 10% MEOH, ACN or AT.  

4.3.1.1 Results of solvent comparison of (-) FT-ICR-MS and (-) UPLC-

TOF-MS experiments 

The comparison of the solvent extractions system resulted in highest number of mass signals 

in MEOH for VS homogenization type and MEOH/H2O for US homogenization type for (-) 

FT-ICR-MS (Figure 4-2, A). As an example, we displayed a mass range of a nominal mass of 

343 Da (Figure 4-3, A and B). We could observe that MEOH, MEOH/H2O and H2O had a 

higher number of mass signals in a nominal mass range in both homogenization types, VS and 

US, and higher intensities values compared to AT and ACN. Through the comparison of 

number of detected features in (-) UPLC-TOF-MS experiments, we could observe that MEOH 

derived the highest number of features either for VS- or US- homogenization types (Figure 

4-2, B).  

 

Figure 4-2 Sample preparation evaluation of different solvents and homogenization types in 

terms of number of detected mass signals 

Next, we viewed the total ion chromatograms (TICs) of the extraction procedures (Figure 

4-4). We could see that TICs of VS and US did not show big differences concerning the 

individual solvents except higher intensity values (Figure 4-4, A and B). Already through 



 

 

visual comparing, we could see that the AT showed the worst TIC with low intensities in 

total, compared to other solvents.  

 

Figure 4-3 A mass range of nominal mass 343 Da showing the abundance of mass signals per 

nominal mass and their intensity values according to different solvent systems and 

homogenization types (A and B) 

We divided the chromatograms into four different sections (Figure 4-4; 1-4). We could 

observe that MEOH/H2O and H2O had higher LC peaks in area 1, containing polar 

compounds which did not retain on a RP chemistry. Additionally, LC peaks in section 2 and 3 

were higher in MEOH, MEOH/H2O and H2O compared to AT and ACN and even better for 

the US homogenization type. Especially, the LC peaks in section 3 in MEOH&US showed 

higher intensities compared to all others. The LC peaks in section 4 showed the best results 

for ACN and MEOH, whereas MEOH in combination with US reached the highest intensity 

values, compared to all others. By combining both results from (-) FT-ICR-MS and (-) UPLC-

TOF-MS we decided that MEOH was the better solvent extraction type for these samples 

followed by US homogenization. The disadvantage of this method is obviously due to the 

extraction time of 30 minutes and was not suitable for high-throughput performance of about 
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200 samples. However, the VS method did not result in homogeneous suspension, shown in 

Figure 4-5, A.  

 

Figure 4-4 Total ion chromatograms of the solvent extraction procedure and the homogenization 

types derived from (-) UPCL-TOF-MS measurements 

4.3.2 Optimization of the homogenization procedure 

Based on the results shown above, further experiments were performed to evaluate the best 

and fastest homogenization for a large sample set for metabolite profiling. Therefore, 4 

different homogenization steps were compared containing the previously mentioned vortex 

shaker (VS), ultrasonic bath system (US) and TissueLyser II system by using different beads: 

glass beads (GB) and ceramic beads (CB) (Figure 4-5). The extraction times were 30 sec for 

VS, 30 min on ice for US and 5 min with 30 Hz for TissueLyser II system, respectively. For 

the extraction, 1 mL of pre chilled MEOH (-20°C) was used due to the best extraction 

efficiency, as already shown above. Afterwards all samples were centrifuged to remove crude 

particulates and the supernatants were taken, 500 µL were evaporated and the dried samples 

were re-diluted in 100 µL of 10% methanol for subsequent (-) UPLC-TOF-MS. The 

homogenization methods US, GB and CB resulted in homogenous suspension compared to 

the VS system, shown in Figure 4-5, A, B, C and D.  



 

 

 

Figure 4-5 A-D: Four different homogenization procedures including vortex shaker (VS), 

ultrasonic bath system (US) and TissueLyser II system by using different beads: glass beads 

(GB) and ceramic beads (CB); E: Comparison of number of detected features applying four 

different homogenization procedures, measured by (-) UPLC-TOF-MS 

The analyses of the measurements resulted in the highest detected number of features in CB, 

followed by GB (Figure 4-5, E). In addition, we could observe these differences in the TIC 

comparison, shown in Figure 4-5, E, with highest TIC for CB but very similar LC peaks for 

all extraction types (Figure 4-6). Taken all together, we decided to apply a methanolic 

extraction with the CB extraction homogenization type. 
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Figure 4-6 Total ion chromatograms of four different homogenization types: vortex shaker (VS), 

ultrasonic bath system (US) and TissueLyser II system by using different beads: glass beads 

(GB) and ceramic beads (CB) 

4.3.3 Final sample extraction procedure: methanolic extraction 

for non-targeted meta-metabolomics studies 

The sample preparation was always done under sterile conditions. All instruments were 

scarfed with methanol and after each sample; the instruments were cleaned with pure water, 

following by pure methanol. Original samples were always cooled on dry ice and cut aliquots 

were stored on dry ice before extraction. After extraction, the samples were stored on normal 

ice (+4°C). Samples from the intestine of mice (~10 mg) were placed in ceramic bead tubes 

(NucleoSpin® Bead Tubes, MACHEREY-NAGEL GmbH & Co. KG) combined with a metal 



 

 

bead (QIAGEN®) on dry ice. After the addition of 1 mL of cold (-20°C) methanol (Fluka, 

Sigma Aldrich, HPLC-grade) the homogenization was performed in TissueLyser II 

(QIAGEN®) for 5 minutes at a rate of 30 Hz to homogenize and disrupt the bacterial cells 

and extract the metabolites of the gut microbiome. Then, the samples were centrifuged two 

times at 14.000 rpm for 10 min at 4° C and the supernatant was collected for the non-targeted 

metabolomics MS analyses. 

4.4 Analytical chemical tools – MS based approach 

4.4.1 UPLC-TOF-MS/MS 

4.4.1.1 Comparison of different RP chemistries for separation with 

UPLC coupled to TOF MS 

In order to perform chromatographic separation of intestinal samples we evaluated different 

column, packed with different reverse phase chemistries for metabolomics studies using LC-

MS. The chromatography was performed by means of ultra performance liquid 

chromatography (UPLC®) (ACQUITY™ UPLC system Waters®, Milford, MA) coupled to a 

time of flight mass spectrometer (TOF) (maXis™, Bruker Daltonics GmbH).  

The following columns were taken for the comparison: 

 Waters© Acquity™ UPLC® BEH™ C8 column (1.7 μm, 2.1 × 150 mm):  

BEH™ C8 

 Waters© Acquity™ UPLC® BEH™ C18 column (1.7 μm, 2.1 × 150 mm): 

BEH™ C18 

 Phenomenex©, Kinetex®, C18 column (1.7 μm, 2.1 × 150 mm): 

Kinetex® C18 

We performed the analyses in both modes of UPLC-TOF-MS using  

 (+) UPLC-TOF-MS 

A: 10 % methanol with 0.1 % formic acid (FA) 

B: 0.1 % FA in pure methanol 

 (-) UPLC-TOF-MS 

A: 10% methanol with 5 millimolar (mM) ammonium acetate (NH4Ac) 
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B: 100% pure methanol with 5 mM NH4Ac 

Different gradient times of 30, 20, 10 and 7.5 minutes (min) were applied. The gradients are 

displayed in Figure 4-7. The flow was set to 0.2 mL/min with the column temperature at 40° 

C.  

 

Figure 4-7 Gradients used for comparison of the RP columns 

4.4.1.2 Results of column comparison in (+/-) UPLC-TOF-MS 

The raw data was exported to .mzxml format and processed with MZmine 2.0. For the 

evaluation, the amounts of detected features were taken as criteria for the comparative 

analyses. In terms of feature detection the best results were shown for the Kinetex® C18 

column including both (+/-) UPLC-TOF-MS modes, shown in Figure 4-8, A and B, followed 

by BEH™ C8 for 20, 10 and 7.5 minutes. BEH™ C8 showed the highest number of detected 

features in the run of 30 min of (+) UPLC-TOF-MS mode. Exemplarily, we checked also the 

TICs of the analyses, here for the 7.5 min separation (Figure 4-8, C-D). In (+) UPLC-TOF-

MS the separation was quite good and no obvious differences were observed (Figure 4-8, C). 

In contrast, the Kinetex® C18 did not show any good separation ability, especially between 5 

and 7 min, compared to the other two columns in the (-) UPLC-TOF-MS mode (Figure 4-8, 

D). Considering these results, we excluded the use of Kinetex® C18 and based on higher 

feature detection for BEH™ C8 we decided to use this column for experiments performed 

with UPLC-TOF-MS-technique.  



 

 

 

Figure 4-8 A-B: RP column comparative analyses in (+/-) UPLC-TOF-MS by elaborating the 

number of detecting features and applying different gradients and times; C-D: Exemplarily 

TICs of 7.5 min run of the three RP chemistries that were measured in (+/-) UPLC-TOF-MS 
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4.4.1.3 Additives system evaluation for UPLC-TOF-MS 

We checked two different additive systems for (+) UPLC-TOF-MS mode, displayed below, to 

enhance the ionization power in positive mode: 

1. Methanol with 0.1 % FA 

A: 10 % methanol with 0.1% FA 

B: 100 % pure methanol with 0.1% FA 

2. Acetonitrile with 0.1 % FA 

A: 10 % acetonitrile with 0.1 % FA 

B: 100 % acetonitrile with 0.1 % FA 

Other conditions for this analysis were a runtime of 10 min, flow rate of 0.2 mL/min column 

temperature of 40°C and we took the BEH™ C18 column for the separation. For (+) UPLC-

TOF-MS mode the buffer system 2 provided a higher number of features as shown in Figure 

4-9 A. Moreover, chromatographic separation was better with system 2 compared to system 1, 

revealing more LC peaks in one analyses (Figure 4-9, B).  



 

 

 

Figure 4-9 A-B: Additives evaluation in (+) UPLC-TOF-MS mode and their respective TICs; C-

D: Additive evaluation in (-) UPLC-TOF-MS mode and their respective TICs 
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We checked five different additive systems for (-) UPLC-TOF-MS mode, displayed below to 

enhance the ionization power in negative mode: 

1. Methanol with NH4Ac 

A: 10% methanol with 5 millimolar (mM) ammonium acetate (NH4Ac) 

B: 100% pure methanol with 5 mM NH4Ac 

2. Acetonitrile with NH4Ac 

A: 10% acetonitrile (ACN) with 5 mM NH4Ac 

B: 100% pure methanol with 5 mM NH4Ac 

3. Acetonitrile with 1 mM NH4F (only A) 

A: 10% ACN with 1 mM ammonium fluoride (NH4F) 

B: 100% ACN 

4. Acetonitrile with 1mM NH4F (both) 

A: 10% ACN with 1 mM NH4F 

B: 100% ACN with 1 mM NH4F 

5. Acetonitrile with 5mM NH4F (both) 

A: 10% ACN with 5 mM NH4F 

B: 100% ACN with 5 mM NH4F. 

Other conditions for this analysis were a runtime of 10 min, a flow rate of 0.2 mL/min as well 

as a column temperature of 40°C with the BEH™ C8 column for the separation. As shown in 

Figure 4-9, the best solvent buffer system was the Nr. 4 followed by Nr. 3. The addition of 

NH4F resulted in higher ionization capability in (-) UPLC-TOF-MS mode compared to the 

NH4Ac addition. Observing the LC peaks, shown in Figure 4-9 D, the buffer system of Nr.2 

showed better behavior followed by Nr.4 and Nr.3. Similar results were already shown before 

by Yanes et al. (Yanes, Tautenhahn et al. 2011).  



 

 

4.4.2 Identification experiments using MS/MS concept 

4.4.2.1 FT-ICR-MS/MS 

First, we performed MS/MS experiments using a FT-ICR-MS approach to unveil an unknown 

mass signal that was especially important in chapter 2.3.4, derived from statistical analysis it 

was the most discriminative mass signal for db/db mice, which was not annotated in 

mentioned metabolite databases used for annotation, see chapter 4.5.4. The MS and MS/MS 

(20 eV) spectra for the mass signal of [M-H]
-
 (359.18982) are shown in Figure 4-10 A. To 

obtain sufficient fragment counts (mass signal values highlighted in red) we acquired 200 

scans, which took about 10 minutes. Increasing the collision energy above 20 eV resulted in 

the loss of the parent mass signal. The disadvantage of this method was obvious due to the 

lack of automatization and long acquisition-time for every mass signal subjected to 

fragmentation experiments. Therefore, we decided to use the UPLC-TOF-MS/MS function to 

perform fragmentation experiments.  

4.4.2.2 UPLC-TOF-MS/MS 

All MS/MS spectra, shown in this thesis were done by using predominantly the (-) UPLC-

TOF-MS/MS. Before MS/MS analyses separation was performed using the BEH™ C8 

column with a total runtime of 20 min, a flow rate of 0.2 mL/min and a column temperature 

of 40°C. The separation was performed by using the (3) acetonitrile with 1 mM NH4F (only 

A) from chapter 4.4.1.3. The (-) TIC of representative intestinal matrices is shown in Figure 

4-10 B. The fragmentation experiments were performed in automated MS/MS mode of TOF 

(Figure 4-10 C). The parameters for automated MS/MS fragmentation were set to a number of 

5 precursor ions, shown in Figure 4-10 C. This automated MS/MS function chooses always 

the 5 highest detected mass signals and intensity values over 1000 (red, Figure 4-10 C) and 

subjected them into fragmentation experiments. The advantage is the fast scan rate of TOF-

MS/MS because it acquired 5 MS/MS spectra at a scan rate of 5 Hz. The disadvantage was 

that less abundant peaks were skipped and no MS/MS spectrum was given. To overcome this 

problem, we generated a precursor mass list of the desired mass signals and their retention 

time and subjected them into the automated MS/MS experiments (shown in Figure 4-10 D). 

Thereby we searched for specific mass signals with high importance in chapter 2.3.3, that 

were possible sulfate and taurine conjugates of fatty acids.  
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Another advantage of the UPLC-TOF-MS/MS experiments was the chromatographic 

separation, to overcome the ion suppression effects present in FT-ICR-MS/MS experiments. 

As one example, we took the mass signal of 410. 237112 ([M-H]
-
), shown in Figure 4-10 E. 

The mass spectrum is analyzed in (-) FT-ICR-MS and the mass signal showed a low intensity 

value, almost disappearing in the background-noise. Additionally, in FT-ICR-MS the 

minimum isolation width is 0.1 Da, which means there are still a plenty of other mass signals 

(shown, for example the nominal mass of 410 in Figure 4-10 E), which could not be excluded 

in fragmentation experiments. The analysis with (-) UPLC-TOF MS resulted in an extracted 

ion chromatogram (EIC of 410.2360, Figure 4-10 E) with high intensities of the mass signal 

(Figure 4-10 F), which allows to perform further MS/MS experiments. Thus, we performed 

preferentially UPLC-TOF-MS/MS experiments to confirm the annotated metabolites, but also 

to reveal new metabolites.  



 

 

 

Figure 4-10 Procedure of identification experiments using MS/MS measurements using (-) FT-

ICR-MS/MS and (-) UPLC-TOF-MS/MS; A: Mass spectrum from direct infusion in (-) FT-ICR-

MS/MS, B and C: Automated MS/MS experiments by fragmentation of five highest MS peaks 

by using (-) UPLC-TOF-MS/MS, D: Precursor list based MS/MS experiments by fragmentation 

of selected MS peaks, E-F: An example of the mass signal 410.2371 in FT-ICR-MS or UPLC-

TOF-MS experiments, FT-ICR-MS shows a plenty number of mass signals, which disturbed the 

fragmentation, in UPLC-TOF-MS a pre- performed separation allows to fragment the desired 

mass signal 

Following parameters were applied: capillary voltage of 4000 V and end plate offset to -500 

V, a dry gas flow rate of 8 L/min, the dry gas temperature to 200 °C and a nebulizer gas flow 

rate of 2.0 bar. The mass range was set from 50 to 1200 and the scan rate of 5 Hz with a 

rolling average of 2 by acquiring profile spectra in a switching mode between MS and 
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MS/MS mode. The isolation width window was set to 0.1 m/z. Afterwards the comparison of 

experimental MS/MS spectra was performed manually against the METLIN database within 

an error of 10 ppm (Smith, Maille et al. 2005).  

4.5 Data processing for FT-ICR-MS analyses 

Data processing of DI-FT-ICR-MS spectra is an important issue in order to derive meaningful 

data matrices for further data elaboration for multivariate statistical analyses and data 

interpretation. To present the procedure for data handling we took the (-) FT-ICR-MS 

analyses from the non-targeted metabolomics study of Chapter 3.In total, we had 53 spectra of 

methanolic extracts from cecal content of 53 individual mice. Every mass spectrum was 

processed first in Compass DataAnalysis 4.0© (Bruker Daltonik GmbH). The spectra were 

calibrated internally and then exported with a signal to noise ratio of four and a relative 

intensity ratio of 0.001 % (base peak). On average about 7982 mass signals were counted. The 

mass signal lists were aligned with the in-house software called Matrix Generator within an 

error of 1 ppm. The alignment resulted in a data matrix containing 37032 mass signals.  

4.5.1 Raw data filtration 

The data matrix containing 37032 mass signals was processed as follows. First, the abundance 

of each mass signal was counted, shown in Figure 4-11. For example 8906 mass signals were 

counted only once in n = 53 mass spectra. Roughly, we decided to exclude all mass signals 

that counted less than 10 times in n = 53 mass spectra (Figure 4-11, red color). The filtration 

resulted in x = 12200 mass signals with an abundance of n ≥10 (5%). For example, Hackstadt 

et al. proposed for the processing of multivariate data to exclude variables with abundances 

≤50 % (Hackstadt and Hess 2009). This rough filtration would theoretically exclude all 

meaningful information about unique metabolites that represent specifically one subgroup, for 

example a subgroup with n = 10 mice.  



 

 

 

Figure 4-11 Raw data filtration, count of mass signals occurred in n=53 samples, red were 

excluded from further analysis, green one were included in further data processing 

4.5.2 Mass defect filtration 

This data matrix was further processed by evaluating the mass defect filter (MDF). The “mass 

defect” represents the difference between nominal mass (300.00000) and exact mass (e.g. 

300.04889) (Hughey, Hendrickson et al. 2001). In the plot of Figure 4-12, the nominal mass 

(x-axis) is plotted against the mass defect (y-axis). The mass signals, highlighted in red, were 

excluded from further analyses. As an example, one of the mass signals that were excluded 

from further analyses was the experimental mass 296.61705 with high intensity values of 

x10
9
, which is taurocholic acid sulfate bearing a double charged due carboxyl and sulfate 

group. The [M-H]
-
 of taurocholic acid sulfate is also presented in the spectra with an 

experimental mass of 594.240876, which was included in further data evaluation. This 

filtration resulted in 11151 mass signals (green dots) that were chosen for further analyses.  
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Figure 4-12 Mass defect plot 

4.5.3 NetCalc – molecular formula calculation and deisotoping 

For the last step, the in-house generated software NetCalc was used for molecular formula 

calculation, deisotoping and calculation of mass differences and subsequent network 

visualization in chapter 2.3.5 and 2.3.8 (Tziotis, Hertkorn et al. 2011). We included 22 mass 

differences containing the elemental composition of carbon, hydrogen, nitrogen, oxygen, 

sulfur and phosphor (CHNOSP), shown in Table 11. We decided to include common reaction 

and biotransformation steps such as hydrogenation, hydroxylation (Snyder and Hedli 1996), 

methylation, ß-oxidation (Harper, Garrity et al. 1986), introduction of water, carboxylation, 

sulfonation (Alnouti 2009), introduction of sulfur, conjugation with taurine (Swann, Want et 

al. 2011), hypotaurine, cysteine (Teichert, Sohr et al. 2005), homocysteine, glycine (Swann, 

Want et al. 2011), glucose (Sarda, Page et al. 2012), glucuronic acid (Sarda, Page et al. 2012), 

glucosamine, phosphate, the involvement of nitrogen (N) and the primary and secondary 

amidation (NH2 and NH). Some of the mass differences were also adopted from Breitling et 

al. (Breitling, Ritchie et al. 2006).  



 

 

Intentionally, we did not include mass differences between the mentioned elements and their 

stable isotopes (
13

C, 
15

N, 
18

O and 
34

S), to exclude all isotopic mass signals from further 

analysis. This is the mentioned deisotoping step in the filtration procedure. The calculation 

derived 3545 valid mass signals with their respective molecular formula. The calculation was 

performed with an error of 0.2 ppm.  

Table 11 Mass difference list and their elemental composition applied for molecular formula 

calculation using NetCalc 

Name Mass difference  

exact mass (theoretical) 

Elemental composition 

CHNOSP 

+/- H2 2.01565 H2 

+/- N 14.00307 N 

+/- Methylation 14.01565 CH2 

+/- CH3 15.02348 CH3 

+/- NH 15.01090 NH 

+/- OH 15.99492 O 

+/- NH2 16.01872 NH2 

+/- H2O 18.01057 H2O 

+/- ß-oxidation 28.03130 C2H4 

+/- Carboxylation 29.97418 CO2 

+/- Thiol 31.97207 S 

+/- Glycine 57.02146 C2H3NO 

+/- SO2 63.96190 SO2 

+/- Sulfate 79.95682 SO3 

+/- Phosphate 79.96633 HPO3 

+/- Hypotaurine 91.00919 C2H5NOS 

+/- Cysteine 103.00919 C3H5NOS 

+/- Taurine 107.00410 C2H5NO2S 

+/- Homocysteine 117.02484 C4H7NOS 

+/- Glucose 162.05283 C6H10O5 

+/- Glucosamine 163.08446 C6H13NO4 

+/- Glucuronic acid 176.03209 C6H8O6 

The combination of abundance filter and NetCalc calculation step should be enough to filter 

the MS data for valid mass signals with elemental composition of CHNOSP. The mass defect 

filter can be skipped in prospective data processing procedures. The data matrix was 

subsequently taken for mass signal annotation of putative metabolites. In chapter 2.3.8.2, we 

used mass difference analysis to reveal new metabolites of the AAM pathway, especially ß- 

and ω-oxidation, sulfate and taurine conjugated metabolites. This application was more 

specific in order to reveal new metabolites of a certain class or to describe unknown 

metabolites, which is explained in detail in chapter 4.5.4. A more global mass difference 

analysis is starting with all mass signals measured in an experiment. Here, we took the data 

matrix from the study of T2DM, including spectra from 4 different sample matrices and 2 

different genotypes (cecum, middle, colon and feces samples from wt and db/db mice; n=74 

spectra). The molecular formula calculation resulted here in 3360 mass signals, which then 

are taking part in the calculation of mass differences. Molecular formula calculation was 

performed with an error of 0.2 ppm. Overall, we could find 11986 mass differences, whereas 

the highest count of mass differences was found for the mass difference of hydrogenation, 

hydroxylation, methylation, ß-oxidation, and introduction of water or for carboxylation. The 
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distribution of the found mass differences is shown in Figure 4-13. Moreover, we concluded 

that 3 mass differences (+/-NH2, CH3 and N) were not essential for mass difference analysis 

due low count, shown in Figure 4-13 and could be excluded from further analysis. 

 

Figure 4-13 Count of found mass differences in the data matrices of T2DM study of chapter 2. 

4.5.4 Data annotation 

Following the data processing procedure, we achieved a data matrix of 3545 mass signals 

with their molecular formulas. This work could be accomplished by METLIN (Smith, Maille 

et al. 2005) or MassTRIX, which are web- based servers (Suhre and Schmitt-Kopplin 2008) 

and which are suitable for annotation of ESI-MS data. Both support the upload of MS data. 

While MassTRIX handles large amounts of mass signal data, the upload in METLIN is 

limited to a list of 500 mass signals in one analysis. Both offer the upload of experimental 

data by choosing a ionization mode with [M-H]
- 
or [M+H]

+
 plus a bunch of other adducts e.g. 

[M+Na]
+
 or [M+Cl]

-
. Additionally, the accuracy (error in ppm) can be defined and is 

dependent on the used MS instrument. For the FT-ICR-MS measurements, we were using an 

error of 1 ppm. MassTRIX performs the search against several metabolite databases including 



 

 

the KEGG compound database (Kanehisa and Goto 2000), Human Metabolome Database 

(HMDB) (Wishart, Knox et al. 2009), the LIPID MAPS database (Sud, Fahy et al. 2007) and 

MetaCyc (Caspi, Altman et al. 2012). The annotation of KEGG compounds allows assigning 

the putative metabolites into metabolic pathways of KEGG by choosing a specific species for 

example Mus musculus (MMU). METLIN is also directly connected to the KEGG database. 

In terms of our dataset containing 3545 mass signals, we could annotate 1121 mass signals. 

From those 250 mass signals could be mapped onto KEGG metabolic pathways (Figure 4-14, 

A). About 2174 mass signals were not annotated and are so-called “Unknowns” which are 

now represented by their molecular elemental composition. 

 

Figure 4-14 A: A pie diagram of all mass signals and their annotation through MassTRIX, the 

assignment of annotated metabolites into KEGG metabolic pathways and the remaining part 

consisting of Unknowns: In numbers we annotated 1121 mass signals, 250 were mapped into 

KEGG metabolic pathways and 2174 remained as not-annotated mass signals and are 

represented by their elemental composition, including CHNOSP as elements; B: Discovery of 

Unknowns by applying a mass difference analysis and subsequent network visualization of 2,3-

Dinor-8-iso PGF2alpha 

Based on molecular formula knowledge we were using two additional and comprehensive 

chemical databases, including ChemSpider (http://www.chemspider.com/) and Pubchem 

(http://pubchem.ncbi.nlm.nih.gov/) which allow searching by using molecular formulas. As 

an example for the annotation procedure, we selected the mass signal 514.284131 for [M-H]
-
 

with the calculated molecular formula of C26H45O7N1S1 (already protonated species). First, we 

could annotate this mass signal into putative metabolites using MassTRIX and METLIN 
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which was successful and we annotated 11 putative metabolites in MassTRIX (isomeric 

substances), while in METLIN 6 putative metabolites were annotated (Table 12). Performing 

a molecular formula search using chemical databases like ChemSpider or PubChem resulted 

in 47 or 84 compounds, respectively. The search for molecular formulas and possible 

compounds in ChemSpider or PubChem is very time consuming, due to the lack of uploading 

of large datasets.  

Table 12: Example for mass signal annotation using different databases with experimental mass 

signals or molecular formulas 

Experimental 

mass [M-H]-   

Neutral 

mass 

Theoretical 

mass Error in ppm 

Molecular 

Formula METLINa MassTRIXa ChemSpiderb PubChemb 

514.284131 515.291674 514.284397 -0.5172 C26H45O7N1S1 6x 11 x 47 x 84 x 

a: annotation performed by using the experimental mass within an error of 1 ppm; b: molecular formula based search; x:nmber of isomeric 

compounds 

The elucidation of unknowns can be derived by various ways. One approach was explained 

and applied in detail in chapter 2.3.5 by using the mass difference analyses and subsequent 

network visualization, to reveal new arachidonic acid co-metabolites. Therefore, we were 

using again Netcalc for finding possible mass differences between mass signals within an 

error of 0.2 ppm. For example, we elaborated the mass differences of one mass signal such as 

[M-H]-: 325.20204, which was annotated as 2,3-Dinor-8-iso PGF2alpha. We could find 

several possible mass differences such as the carboxylation to dinor omega-1-oxo-6-keto-

PGF1alph. Found mass differences are for the metabolite 2,3-Dinor-8-iso PGF2alpha 

summarized in Table 13. This table is now the starting point to generate and visualize 

networks, shown in Figure 4-14, B. Then, it can be used in order to achieve an overview over 

possible connections to unknown metabolites, such as it is the case with the metabolite 2,3-

Dinor-8-iso PGF2alpha, which showed 11 possible mass differences (pink labels) to 

Unknowns (red nodes), including taurine and sulfate conjugates which were not annotated 

before (Figure 4-14, B).  



 

 

Table 13 Example of a mass difference table for generating networks of Figure 4-14 B 

Experimental 

mass 

Molecular 

Formula Metabolite Name 

Experimental 

mass 

Molecular 

Formula Metabolite Name Name 

Mass difference exact 

mass (theoretical) 

323.18637 C18H28O5 Dinor-PGD2 325.20204 C18H30O5 

2,3-Dinor-8-iso 

PGF2alpha  +/- H2 2.01565 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  355.17625 C18H28O7 

dinor omega-1-oxo-6-

keto-PGF1alpha 

+/- 

Carboxylation 29.97418 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  339.21769 C19H32O5 Unknown +/- Methylation 14.01565 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  343.21261 C18H32O6 
Unknown +/- H2O 18.010565 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  357.17412 C18H30O5S1 
Unknown 

+/- Thiol 31.97207 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  382.22347 C20H33O6N1 
Unknown +/- Glycine 57.021465 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  389.16392 C18H30O7S1 
Unknown +/- SO2 63.961903 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  428.21127 C21H35O6N1S1 
Unknown +/- Cysteine 103.00919 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  432.20617 C20H35O7N1S1 
Unknown 

+/- Taurine 107.0041 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  442.22691 C22H37O6N1S1 
Unknown +/- 

Homocysteine 117.02483 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  327.21769 C18H32O5 

2,3-Dinor-8-iso 

PGF1alpha +/- H2 2.01565 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  353.23335 C20H34O5 Prostaglandin F2alpha +/- ß-oxidation 28.0313 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  416.21126 C20H35O6N1S1 
Unknown +/- Hypotaurine 91.009186 

325.20204 C18H30O5 2,3-Dinor-8-iso PGF2alpha  405.15887 C18H30O8S1 
Unknown 

+/- Sulfate 79.95682 

355.17625 C18H28O7 

dinor omega-1-oxo-6-keto-

PGF1alpha 369.19187 C19H30O7 
Unknown 

+/- Methylation 14.01565 

327.21769 C18H32O5 2,3-Dinor-8-iso PGF1alpha 343.21261 C18H32O6 Unknown +/- OH 15.994915 

Another approach that was used to confirm metabolites but also identify new metabolites was 

the application of MS/MS experiments, described in chapter 4.4.2. 

4.5.5 Data processing of (+/-) UPLC-TOF-MS: non-targeted 

metabolomics 

The raw data were exported to .mzxml data format and processed with MZmine 2.0 (Pluskal, 

Castillo et al. 2010). The aligned data were then exported to .csv (comma separated) files and 

filtered in terms of abundance count of n≥10. The annotation was performed with MassTRIX 

with an absolute mass error of 0.005 Da and in METLIN within an error of 10 ppm. 

Table 14 MZmine steps and their parameters for UPLC-TOF-MS data alignment 

Steps Parameters 

1. Mass detection  Mass detection Noise level   

  Centroid 500 (+); 200 (-)   
2. Chromatogramm builder Minimum span time Minimum height m/z tolerance 

  0.1 500 (+); 200 (-) 10 ppm 

3. Chromatogramm deconvolution Minimum peak height Peak duration [min] Baseline level 
(Baseline cutoff) 500 (+); 200 (-) 0.05-1.5 500 (+); 200 (-) 

4. Alignment m/z tolerance RT tolerance [min]   

(Ransac) 10 ppm 0.5   
5: Export Format Integration  

 .csv Peak area  

4.6 Multivariate statistical analyses 

4.6.1 Unsupervised techniques: Principal component analysis  

The evolving of metabolomics and the ongoing development of NMR, but also MS, increased 

the amount of the generated data. The containing multivariate data needs appropriate handling 

(here as example our data matrices contains n=53 observations and k=3545 variables, which 

represents the X matrix, Figure 4-15 A). In the field of metabolomics , two commonly used 
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methods for data handling emerged since the beginning of 1980s, in order to reduce the 

dimensionality and for recognizing patterns in multivariate data (van der Greef, Tas et al. 

1983). These techniques are principal component analysis (PCA) and partial least squares 

regression (PLS). PCA belongs to the unsupervised and PLS to the supervised techniques in 

the multivariate data analyses. PCA is popular and widely used in the metabolomics research 

field, applying an - ISI Web of Science® – search with the keywords: metabolomics and PCA 

resulted in 411 articles (date: 21.08.2013). In PCA the data is reduced in several principal 

components (PCs), usually the first and second PC is showing and visualizing the majority of 

total variance existing in the data. In our example with n =53 observations and k=3545 

variables the application of PCA resulted in the two-dimensional scores plot, representing the 

observations (Figure 4-15 B). In our example the first two PCs already describe 37.5 % of the 

total variance (Figure 4-15 B). In turn the variables are plotted in the so called loading plot, 

shown in Figure 4-15 C. Superimposing both plots allows to reveal which variables were 

responsible for the “pulling” or clustering of the observations (so called bi-plot). The 

application of PCA in the thesis served the aim to get a first overview over the behavior of the 

data, concerning the groups and their unsupervised clustering with no input of information of 

the group classification. In our example, we already observed a clustering of two main groups 

(Figure 4-15 B, 1 and 2), separated due to diets (HFD (1) and LFD (2)).  



 

 

 

Figure 4-15 Principal component analysis scheme: A: X matrix, a data matrix containing 

multivariate data, which is reduced and projected into a two dimensional plot, shown in B, the 

so-called scores scatter plot which is summarized into two main principal components (PCs), 

displaying the largest variation; C: a loading plot visualizes the variables and their distribution 

along a two dimensional space, responsible for the projection of the scores in the score plot of B 

4.6.2 Supervised techniques: PLS-DA and OPLS-DA 

In order to classify the multivariate data here in the studies we were applying primarily the 

orthogonal partial least squares discriminant analysis (OPLS-DA). Now we want to present 

with our exemplary data the evolution from PCA to OPLS-DA and their impact on the data 

and group separation. Therefore, we were using a subset of the data consisting of two 

subgroups (C57J (orange dots) and C57N (brown dots) in the PCA scores plot of Figure 4-15 

B). First, the application of PCA resulted in the scores plot shown in Figure 4-16 A. The 

separation of the two groups was whether neither clear nor good enough to discriminate the 

groups, thus the major variation comes from another unknown factor. For the classification 

we applied the partial least squares DA (PLS-DA), where we generated a dependent vector 

(Y) consisting of dummy variables, here zero and one for the two classes. The application of 
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PLS-DA to our dataset resulted in a good discrimination between the two groups, the scores 

plot shown in Figure 4-16 B with a R
2
Y(cum) value of 0.911 and Q

2
(cum) value of 0.68, 

which is satisfying due to the given criteria in the literature with suggested Q
2
 value over 0.5 

(Broadhurst and Kell 2006). Moreover, the difference between R
2
Y(cum) and Q

2
(cum) should 

not be too large. In addition, problems in terms of over fitting by using PLS-DA were 

discussed elsewhere (Westerhuis, Hoefsloot et al. 2008, Fonville, Richards et al. 2010). 

Additionally, a part from X matrix (red) which is not related to the Y vector disturbs, because 

it contributes to and influences the distribution or the separation of the scores, as shown in 

Figure 4-16 B. Thus, another approach was developed, called OPLS-DA. OPLS-DA was 

originally introduced by Trygg et al. (Trygg and Wold 2002), in order to “clean” the X matrix 

and remove all systemic variation (red part of the X matrices) that is orthogonal to Y vector 

and thus not correlated to the vector of Y. Our data was also subjected to an extension of 

OPLS-DA called OPLS/O2PLS-DA, showing the scores plot in Figure 4-16 C. 

OPLS/O2PLS-DA is a development of OPLS-DA which takes into account the bi-direction 

between X matrix and Y vector, whereas PLS/OPLS-DA considered solely the direction from 

X to Y. Moreover, the Q
2
 was 0.61 and subsequent performed CV-ANOVA could show a 

valid model for this separation (p-value = 0.014). In all mentioned studies in chapter 2 and 3 

we applied as first step a PCA to reduce and to get an overview of the data and then we 

classified the data by the usage of OPLS/O2PLS-DA. The cross-validation is always 

performed by CV-ANOVA.  



 

 

 

Figure 4-16 An example for the evolvement from unsupervised PCA to the supervised 

OPLS/O2PLS-DA analyses and the impact on the discrimination of the two groups (orange and 

brown) 
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4.6.3 Other data handling tools 

Furthermore, handling and visualizing data, we used several software tools such as heatmaps 

which was performed by using Hierarchical Clustering Explorer 3.5 (Jinwook and 

Shneiderman 2002). Before visualization in heatmaps the data was normalized (x- /σ). 

Boxplots were plotted by using Rstudio (http://www.rstudio.org/). Other plots were generated 

by using Microsoft Office Excel 2007. MSA was performed using SIMCA-P 9.0 or 12.0 

(Umetrics, Umea, Sweden). The data was always scaled to the unit variance before 

performing MSA. Univariate statistical analyses were performed by using MultiExperiment 

Viewer while applying a non-parametric univariate statistical Mann-Whitney test or ANOVA 

or Kruskal Wallis test (Saeed, Sharov et al. 2003). 

 

http://support.rstudio.org/help/discussions/questions/613/r?go=aHR0cDovL3d3dy5yc3R1ZGlvLm9yZy8=
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Chapter V 

5 Supplementary Information 

5.1 Mouse Studies – experimental design 

5.1.1 Type 2 Diabetes mouse model  

Mice: Ten weeks old homozygous BKS.Cg-dock7
m
 +/+ Lepr

db
/J (db/db) mice and their non-

diabetic controls (wt) were used for the investigation of gastrointestinal meta- metabolome. 

Mice were housed in a specific pathogen-free (SPF) environment using single ventilated 

cages (SealsafePlus AERO IVC Greenline, Tecniplast GmbH, Hohenpeissenberg, Germany) 

with a 12/12 hour light-dark cycle at a constant temperature (22 ± 1°C) and controlled 

humidity. The maintenance of the mice was done in German Mouse Clinic. At an age of 3 

weeks both db/db and wt mice were fed a high fat and high carb diet (S0372-E010, Ssniff, 

Germany). At the beginning of the drug challenge study, the mice were fasted for 4 hours. 

Afterwards body weight and tail blood glucose (Contour, Bayer Vital GmbH, Leverkusen, 

Germany) were measured. The db/db mice should fulfill two aspects having a body weight 

over 44 g and blood glucose levels over 19.43 mmol/L. All mice were single house during the 

study. Db/db mice or wt mice were treated daily orally with a 0.5% vehicle solution 

containing 95% hydroxyethylcellulose 250 g Pharm (Fagron GmbH & Co KG, Barsbüttel, 

Germany) and 5% solutol HS15 (BASF Chem-Trade GmbH, Ludwigshafen, Germany) and 

represented the control groups of diabetic and wt mice. The drug challenge was performed in 

db/db mice by using Metformin (MET) (Sigma Aldrich Chemie GmbH, Munich, Germany) 

and an SGLT-2 inhibitor AVE2268 (SGLT) (Sanofi-Aventis AG, Frankfurt, Germany). 

Metformin was dosed 300 mg/kg (mpk) body weight per day and AVE2268 30 mpk body 

weight per day. Drugs were weighed in (XA105 Dual Range, Mettler Toledo, Gießen, 

Germany) and dissolved in 0.5% vehicle solution containing 95% hydroxyethylcellulose 

250G Pharm (HEC) (Fagron GmbH & Co KG, Barsbüttel, Germany) and 5% solutol HS15 

(BASF ChemTrade GmbH, Ludwigshafen, Germany). Drug suspensions were applied by oral 

gavage to all mice. Vehicle solution was prepared by diluting 475 mg of 

hydroxyethylcellulose with 25 µl of preheated solutol into a 100 ml Ampuwa-water bottle 



 

 

(Fresenius Medical Care, Bad Homburg, Germany). At 10 weeks of age, the mice were fasted 

for 4 hours, weighed and sacrificed with an overdose of isoflurane. Glucose was measured 

from tail blood. For CRP measurement, blood was taken from the Vena cava using 

Monovettes with cannulas (1.2 ml K3-EDTA S-Monovettes, Sarstedt AG, Nümbrecht, 

Germany) and centrifuged at 14 000 rpm for 2 minutes at 4°C (Fresco 21, Heraeus GmbH, 

Hanau, Germany). The upper plasma phase was transferred into fresh eppendorf tubes, snap 

frozen in liquid nitrogen and stored at -80°C. For metabolomics studies of gut luminal 

content, the complete gastrointestinal tract was removed with sterile instruments, flamed with 

ethanol. The gastrointestinal tract was divided into nine parts: stomach, duodenum, jejunum, 

ileum, cecum, the proximal, middle, distal and the rectal part of the colon. The luminal 

content of the cecum and the proximal, middle and the distal part of the colon of each group 

was collected in Eppendorf tubes and immediately snap-frozen, quenched in liquid nitrogen 

and preserved in -80°C prior to further experiments. Additionally, feces droppings were 

collected in the cages after scarification of the mice and stored at -80°C conditions.  

After plasma samples were measured by means of BIOCRATES AbsoluteIDQ™ p180 kit for 

a targeted metabolomics approach, the supernatants were evaporated with an original volume 

of 10 µL of plasma. Evaporated plasma samples were kept under -80° C conditions. In order 

to perform a non-targeted metabolomics approach we reconstituted the evaporated samples in 

0.1 % formic acid (500 µL). We performed a solid phase extraction by using C18 cartridges 

(Bond Elut™ Cartridge SPE, sorbent mass: 100 mg with 1 mL of volume; Varian, Inc., 

Walnut creek cA, USA). First, the cartridges were conditioned with 1 mL methanol and then 

with 1 mL of water. Then, the reconstituted plasma samples were loaded and wash step with 

0.1 % formic acid (1 mL) was performed. The elution was performed with 1 mL of methanol. 

The samples were evaporated and reconstituted in 50 µL of pure methanol.  

5.1.2 Diet induced obesity in C57J and C57N mice 

Mice: C57BL/6NTac (C57N, Taconic Denmark) and C57BL/6J (C57J) were bred and housed 

under standard vivarium conditions (12:12 light dark cycle) in German Mouse Clinic. The 

diet study was started at an age of 14 weeks. Mice from every strain were switched to high fat 

diet (HFD, Ssniff, Germany) rich in safflower-oil (SAFF) or lard fat (LARD) or kept under 

low fat diet (LFD, Diet#1310, Altromin, Germany; 17.0KJ/g) for 3 weeks. Mice were bred, 

housed and handled according to the federal animal welfare guidelines. Mouse husbandry was 

conducted under a continuously controlled hygiene standard according to the Federation of 
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European Laboratory Animal Science Associations (FELASA). Body weight was measured 

before the beginning of high fat feeding and after 3 weeks. 

At the terminal study-endpoint after a glucose tolerance test between 9-12 a.m. mice were 

killed with isoflurane. For gut metabolome, analysis the gastrointestinal tract was removed 

from each animal. The luminal content of the cecum of each mouse was collected and 

immediately snap-frozen in liquid nitrogen and preserved in -80°C prior to metabolomics 

experiments. All animals received humane care according to criteria outlined in the NAS 

“Guide for the Care and Use of Laboratory Animals”. Animal experiments were approved by 

the Upper-Bavarian district government (Regierung von Oberbayern, Gz.55.2-1-54-2532-70-

07, Gz. 55.2-1-54-2532-4-11). 



 

 

5.2 MS/MS identification experiments 

Confirmation of metabolites was performed using (-) TOF-MS/MS experiments as described 

in chapter 4.4.2. Experimental MS/MS spectra were compared manually with METLIN 

database (Smith, Maille et al. 2005). 

5.2.1 (-) TOF-MS/MS spectra of metabolites of T2DM 

metabolomics study 

5.2.1.1 Fatty acids 

 

Figure 5-1 Experimental (-) TOF-MS/MS spectra: A: Palmitic acid C16:0; Icosenoic (C20:1) B: C: 

Arachidonic acid (20:4); D: Linoleic acid (C18:2) 
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5.2.1.2 Oxylipins 

 

Figure 5-2 Experimental (-) TOF-MS/MS spectra: A: possible isomers of hydroxylinoleic acid (also 

known as HODE) with a possible hydroxyl position at C-13 or C-9, B: Hydroxyoleic acid; C: 

Hydroxyoxooleic acid: D: Dihydroxyoleic acid  

5.2.1.3 N-acyltaurines 

 

Figure 5-3 Experimental (-) TOF-MS/MS spectra: A: N-arachidonoyltaurine; B: N-linoleoyl taurine 



 

 

5.2.1.4 Bile acids 

 

Figure 5-4 Experimental (-) TOF-MS/MS spectra: A: Deoxycholic acid; B: Ketodeoxycholic acid 

 

 

 

 

 

 

 

 



5.2 SUPPLEMENTARY INFORMATION  CHAPTER V 

153 

5.2.1.5 Conjugates of bile acids and steroids 

 

Figure 5-5 Experimental (-) TOF-MS/MS spectra: A: Taurocholic acid sulfate; B: Taurooxocholic 

acid sulfate; C: Sulfocholic acid; D: Oxocholic acid sulfate; E: Cholesterol sulfate; F: Cyprinolsulfate 



 

 

5.2.1.6 Sulfated metabolites of AAM pathway 

 

Figure 5-6 Experimental (-) TOF-MS/MS spectra: A: 2, 3-Dinor-8-iso prostaglandin F1alpha sulfate; 

B: 15-Deoxy-delta-12, 14-PGJ2 sulfate 
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5.2.1.7 Sulfate conjugated metabolites: Oxygenated fatty acids 

 

Figure 5-7 Experimental (-) TOF-MS/MS spectra: A: Sulfolinoleic acid; B: Nonadecadienoic acid 

sulfonate; C: Hydroxylinoleic acid sulfate; D: Hydroxylinolenic acid sulfate; D; Dihydroxylinoleic 

acid sulfate; E: Dihydroxyoleic acid sulfate 

 



 

 

5.2.1.8 Taurine conjugated metabolites: oxygenated fatty acids 

 

Figure 5-8 Experimental (-) TOF-MS/MS spectra: A: Hydroxylinolenic acid taurine B: 

Hydroxylinoleic acid taurine; C: Hydroxyoleic acid taurine; D: Dihydroxystearic acid taurine; E; 

Dihydroxyeicosadienic acid taurine; E: Dihydroxyeicosanoic acid taurine 
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5.2.1.9 Other N-acyl Fatty acids with amino acids 

 

Figure 5-9 Experimental (-) TOF-MS/MS spectra: A: N-palmitoyl (iso)leucine B: N-oleoyl 

(iso)leucine C: N-palmitoyl (iso)leucine (compared with MS/MS spectra from Tan et al. (Tan, O'Dell 

et al. 2010) 



 

 

5.2.2  (-) TOF-MS/MS spectra of metabolites of DIO 

metabolomics study 

5.2.2.1 LTB4 sulfate 

 

Figure 5-10 Experimental (-) TOF-MS/MS spectrum of LTB4 

5.2.2.2 Unknown – C15H22O5 

 

Figure 5-11 Experimental (-) TOF-MS/MS spectrum of an unknown metabolite with the molecular 

formula of C15H22O5, the fragments are indicated by their molecular formula 
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5.2.2.3 C24 Bile acids 

 

Figure 5-12 Experimental (-) TOF-MS/MS spectrum of deoxycholic acid (DCA) 

5.2.2.4 C24 Taurine conjugated Bile acids 

 

Figure 5-13 Experimental (-) TOF-MS/MS spectra: A: Taurodeoxycholic acid; B: Taurocholic acid  

5.2.2.5 Taurine and Sulfates of C27 Bile acids  

 

Figure 5-14 Experimental (-) TOF-MS/MS spectra: A: Taurodihydroxycholestenoic acid, B: 

Dihydroxyoxocholestanoic acid sulfate 



 

 

5.2.2.6 Fatty acids 

 

Figure 5-15 Experimental (-) TOF-MS/MS spectra: A: Arachidonic acid (C20:4); B: Eicosadienoic 

acid (C20:2) 

5.2.2.7 Bacterial derived metabolites 

 

Figure 5-16 Experimental (-) TOF-MS/MS spectra: A: Enterolactone B: L-Urobilin 



5.2 SUPPLEMENTARY INFORMATION  CHAPTER V 

161 

5.2.2.8 Novel metabolites – Diphloretoylputrescine 

 

Figure 5-17 Experimental (-) TOF-MS/MS spectrum of diphloretoylputrescine in A and their most 

plausible structure in B due to no reference spectrum was given in METLIN database 

5.2.2.9 Altered metabolites in C57J and C57N on LARD diet 

 

Figure 5-18 Experimental (-) TOF-MS/MS spectra: A: Hydroxystearic acid B: 

Hydroxyalphatocopherol 



 

 

 

 



6 APPENDIX  CHAPTER VI 

163 

Chapter VI 

6 Appendix 

6.1 Tables of T2DM metabolomics study 

6.1.1 Primary bile acid pathway and their metabolites 

Table 15 Bile acids and cholesterol metabolites 

Mass (avg.) Compound Name Monoisotopic  

mass 

p-value  

(CECUM) 

 db/db vs. wt 

p-value 

(MIDDLE)  

db/db vs. wt 

p-value 

(DISTAL)  

db/db vs. wt 

p-value 

(FECES)  

db/db vs. wt 

Molecular  

Formula 

Bile acids        

391.285381 Deoxycholic acid 392.292644 n.s. n.s. n.s. 0.03376 C24H40O4 

407.280277 Cholic acid 408.287559 n.s. 0.00101 n.s. 0.00109 C24H40O5 

Cholesterol  

metabolites 

      

399.326853 Hydroxycholestenone 400.3341124 0.029084 n.s. 0.011440 0.00175 C27H44O2 

401.34253 Hydroxycholesterol 402.3497616 0.043003 0.00100 0.004136 0.00145 C27H46O2 

415.321805 Dihydroxycholestenone 416.3290274 0.046945 n.s. 0.001833 n.s. C27H44O3 

417.337434 Dihydroxycholesterol 418.3446766 0.030510 0.00337 0.002050 0.00109 C27H46O3 

429.301041 Hydroxyoxocholestenoate 430.3082932 0.015169 n.s. 0.001461 n.s. C27H42O4 

431.316709 Dihydroxycholestenoate 432.3239424 0.015169 n.s. 0.001031 n.s. C27H44O4 

433.332348 Trihydroxycholestanal 434.3395916 0.030510 n.s. 0.000722 n.s. C27H46O4 

435.348005 Tetrahydroxycholestane 436.3552408 0.030510 0.00038 0.004837 0.00550 C27H48O4 

449.327276 Trihydroxycholestanoate 450.3345066 0.046945 n.s. 0.001302 n.s. C27H46O5 

6.1.2 Fecal meta-metabolome between db/db and wt mice 

Table 16 Summary of all metabolites significantly differed between db/db and wt mice in feces 

Mass (avg.) Compound Name Monoisotopic mass MEAN wt MEAN db/db Log2 fold change  

db/db vs. wt 

p-value Molecular Formula 

Fatty acids        

199.17036 Lauric acid 200.177620 1.99E+07 1.04E+07 -0.94 0.00427 C12H24O2 

227.201658 Myristic acid 228.208919 2.18E+08 5.38E+07 -2.02 0.00024 C14H28O2 

253.217297 Palmitoleic acid 254.224568 2.53E+08 1.18E+08 -1.10 0.00329 C16H30O2 

255.232921 Palmitic acid 256.240217 5.07E+10 1.00E+10 -2.34 0.00061 C16H32O2 

277.217277 Linolenic acid 278.224568 1.29E+09 8.42E+08 -0.62 0.02224 C18H30O2 

279.232917 Linoleic acid 280.240217 2.87E+10 1.96E+10 -0.55 0.02749 C18H32O2 

281.248583 Oleic acid 282.255866 3.79E+10 2.09E+10 -0.86 0.00705 C18H34O2 

283.264254 Stearic acid 284.271516 1.62E+10 6.27E+09 -1.37 0.00427 C18H36O2 

297.279872 Nonadecanoic acid 298.287165 1.09E+08 4.27E+07 -1.36 0.00192 C19H38O2 

301.217273 Icosapentanoic acid 302.224568 3.00E+08 5.60E+08 0.90 0.00705 C20H30O2 

309.27987 Icosenoic acid 310.287165 3.76E+09 5.31E+08 -2.82 0.00024 C20H38O2 

311.295565 Icosanoic acid 312.302814 2.01E+09 5.36E+08 -1.91 0.00024 C20H40O2 

327.232923 Docosahexaenoic acid 328.240217 2.31E+08 6.08E+08 1.39 0.00705 C22H32O2 

335.295565 Docosadienoic acid 336.302814 2.89E+07 1.78E+07 -0.70 0.02224 C22H40O2 

337.311213 Docosenoic acid 338.318463 6.29E+08 1.95E+08 -1.69 0.00061 C22H42O2 

339.326861 Docosanoic acid 340.334112 1.69E+09 7.71E+08 -1.13 0.00550 C22H44O2 

347.29553 Tricosatrienoic acid 348.302814 4.88E+05 2.34E+06 2.26 0.01186 C23H40O2 

365.342507 Nervonic acid 366.349762 1.72E+08 6.39E+07 -1.43 0.00705 C24H46O2 

367.358143 Tetracosanoic acid 368.365411 6.16E+08 3.98E+08 -0.63 0.02749 C24H48O2 

375.326825 Pentacosatrienoic acid 376.334112 3.23E+06 7.63E+06 1.24 0.00145 C25H44O2 

377.342485 Pentacosadienoic acid 378.349762 3.49E+06 7.24E+06 1.05 0.00252 C25H46O2 

389.342492 Hexacosatrienoic acid 390.349762 4.42E+06 6.93E+06 0.65 0.01789 C26H46O2 

405.373765 Heptacosadienoic acid 406.381060 1.45E+06 3.68E+06 1.34 0.00175 C27H50O2 

419.389443 Octacosadienoic acid 420.396709 3.13E+06 5.45E+06 0.80 0.01596 C28H52O2 

431.389481 Nonacosatrienoic acid 432.396709 3.07E+06 6.43E+06 1.06 0.00191 C29H52O2 

433.405114 Nonacosadienoic acid 434.412358 8.96E+05 3.59E+06 2.00 0.00663 C29H54O2 

471.420713 Dotriacontatetraenoic acid 472.428008 3.53E+05 4.36E+06 3.63 0.00200 C32H56O2 

527.483436 Hexatriacontatetraenoic acid 528.490604 4.35E+06 1.36E+07 1.65 0.00033 C36H64O2 

551.48342 Octatriacontahexaenoic acid 552.490604 8.86E+06 2.65E+07 1.58 0.00024 C38H64O2 

553.499134 Octatriacontapentaenoic acid 554.506254 4.90E+06 1.71E+07 1.80 0.00024 C38H66O2 

Oxylipins        

293.212199 Hydroxylinolenic acid 294.219483 2.34E+08 3.50E+08 0.58 0.00705 C18H30O3 

295.227856 Hydroxylinoleic acid 296.235132 9.27E+08 1.88E+09 1.02 0.00192 C18H32O3 

297.243522 Hydroxyoleic acid 298.250781 4.99E+08 8.45E+08 0.76 0.03376 C18H34O3 

309.207136 Dihydroxylinolenic acid 310.214398 1.11E+08 1.74E+08 0.66 0.00033 C18H30O4 

311.222786 Hydroxyoxooleic acid 312.230047 1.92E+08 4.00E+08 1.06 0.00024 C18H32O4 

313.238439 Dihydroxyoleic acid 314.245696 1.47E+08 3.00E+08 1.03 0.00109 C18H34O4 

315.254101 Dihydroxystearic acid 316.261346 9.30E+07 1.75E+08 0.91 0.00329 C18H36O4 

329.233318 Trihydroxyoleic acid 330.240611 1.35E+08 2.30E+08 0.77 0.00192 C18H34O5 

331.249002 Trihydroxystearic acid 332.256261 2.78E+07 8.15E+07 1.55 0.00427 C18H36O5 

345.228273 Dihydroxyoctadecanedioic acid 346.235526 7.82E+07 1.43E+08 0.88 0.00033 C18H34O6 

347.243918 Tetrahydroxyoctadecanoic acid  348.251176 1.32E+07 3.54E+07 1.43 0.00109 C18H36O6 



 

 

Fatty acids taurine       

354.174455 Hexadecatetraenoic acid taurine C16:4 355.181719 1.72E+07 4.56E+07 1.40 0.00033 C18H29O4N1S1 

356.190105 Hexadecatrienoic acid taurine C16:3 357.197369 1.38E+07 4.63E+07 1.74 0.00024 C18H31O4N1S1 

358.205771 Hexadecadienoic acid taurine C16:2 359.213018 6.80E+06 2.35E+07 1.79 0.00024 C18H33O4N1S1 

360.221408 Hexadecenoic acid taurine C16:1 361.228667 2.35E+06 5.00E+06 1.09 0.00081 C18H35O4N1S1 

362.237074 N-palmitoyl taurine C16:0 363.244316 1.51E+07 6.96E+06 -1.12 0.01784 C18H37O4N1S1 

380.189886 Octadecapentaenoic acid taurine C18:5 381.197369 7.42E+05 3.82E+06 2.36 0.00019 C20H31O4N1S1 

382.205662 Octadecatetraenoic acid taurine C18:4 383.213018 4.31E+06 1.07E+07 1.32 0.00033 C20H33O4N1S1 

384.221373 Octadecatrienoic acid taurine C18:3 385.228667 9.54E+06 2.19E+07 1.20 0.00061 C20H35O4N1S1 

386.237058 N-linoleoyl taurine C18:2 387.244316 5.15E+07 9.03E+07 0.81 0.01137 C20H37O4N1S1 

388.252679 N-oleoyl taurine C18:1 389.259965 3.14E+07 4.44E+07 0.50 0.04123 C20H39O4N1S1 

402.268341 Nonadecenoic acid taurine C19:1 403.275615 5.90E+05 6.28E+06 3.41 0.00016 C21H41O4N1S1 

408.221349 Icosapentaenoic acid taurine C20:5 409.228667 3.40E+06 7.74E+06 1.19 0.00252 C22H35O4N1S1 

474.362338 Lignoceric acid taurine C24:0 475.369510 1.06E+07 1.83E+07 0.79 0.02749 C26H53O4N1S1 

Bile acids        

355.264237 Cholandienoic acid 356.271516 2.87E+06 5.92E+06 1.05 0.01991 C24H36O2 

377.306117 Cholantriol 378.313378 1.91E+06 4.14E+06 1.11 0.00276 C24H42O3 

385.238413 Dioxocholenoic acid 386.245696 2.44E+07 4.60E+07 0.92 0.04123 C24H34O4 

391.285381 Deoxycholic acid 392.292644 1.05E+09 2.08E+09 0.99 0.03376 C24H40O4 

393.300976 Cholantetrol 394.308293 2.78E+06 7.56E+06 1.44 0.00248 C24H42O4 

399.217625 Trioxocholenoic acid 400.224962 5.91E+05 4.11E+06 2.80 0.00081 C24H32O5 

405.26465 Ketodeoxycholic acid 406.271910 8.14E+08 4.50E+08 -0.86 0.00427 C24H38O5 

407.280277 Cholic acid 408.287559 7.04E+09 3.52E+09 -1.00 0.00109 C24H40O5 

367.227582 Oxocholatrienoic acid 368.235132 5.58E+05 2.92E+06 2.39 0.00745 C24H32O3 

Bile acids sulfate       

485.221495 Oxocholic acid sulfate 486.228727 7.08E+07 1.44E+08 1.03 0.00705 C24H38O8S1 

487.23714 Sulfocholic acid 488.244376 2.83E+08 9.81E+08 1.79 0.01789 C24H40O8S1 

528.263745 Glycochenodeoxycholate sulfate  529.270924 7.93E+07 1.27E+08 0.68 0.00329 C26H43O8N1S1 

531.29978 Cyprinolsulfate  532.306973 1.41E+08 2.59E+08 0.88 0.01137 C27H48O8S1 

544.2586 Glycocholate sulfate 545.265839 1.12E+07 2.52E+07 1.16 0.00024 C26H43O9N1S1 

592.22573 Taurooxocholic acid sulfate 593.232826 8.74E+06 2.16E+07 1.31 0.00145 C26H43O10N1S2 

594.241313 Taurocholic acid sulfate 595.248475 8.69E+07 2.81E+08 1.69 0.00082 C26H45O10N1S2 

363.217693 Urocortisone 364.224962 7.09E+07 2.29E+08 1.69 0.00024 C21H32O5 

365.233352 Urocortisol 366.240611 2.79E+08 1.05E+09 1.91 0.00082 C21H34O5 

367.158436 Dehydroepiandrosterone sulfate  368.165736 5.65E+06 1.13E+07 1.00 0.00082 C19H28O5S1 

369.174088 Androsterone sulfate 370.181385 6.33E+06 1.15E+07 0.86 0.00252 C19H30O5S1 

383.153383 Dihydroxyandrostenone sulfate 384.160651 9.02E+06 2.04E+07 1.17 0.00045 C19H28O6S1 

441.158906 Cortisol sulfate 442.166130 6.07E+06 8.94E+06 0.56 0.00550 C21H30O8S1 

465.304438 Cholesterol sulfate 466.311664 8.63E+08 1.71E+09 0.99 0.00550 C27H46O4S1 

479.283785 Ketocholesterol sulfate 480.290929 2.41E+07 3.27E+07 0.44 0.02224 C27H44O5S1 

481.299356 Hydroxycholesterol sulfate 482.306579 1.20E+08 1.88E+08 0.65 0.01431 C27H46O5S1 

497.294258 Dihydroxycholesterol sulfate 498.301494 6.85E+07 1.48E+08 1.12 0.00192 C27H46O6S1 

Arachidonic acid metabolites       

299.186352 Tetranor-PGF1alpha 300.193664 5.42E+07 6.78E+07 0.32 0.04123 C16H28O5 

303.23296 Arachidonic acid (ETE) 304.240217 1.54E+09 3.34E+09 1.12 0.00898 C20H32O2 

309.134358 16-COOH-dinor LTB4 310.141631 1.70E+07 2.23E+07 0.39 0.00705 C16H22O6 

315.181182 Hydroxy-tetranor-PGF1alpha 316.188579 2.10E+07 3.08E+07 0.55 0.00705 C16H28O6 

315.196583 15-Deoxy-delta-12,14-PGJ2 316.203834 2.66E+08 7.92E+08 1.57 0.00329 C20H28O3 

317.196916 Tetrahydroxyprostanoic acid 318.204228 1.81E+07 4.04E+07 1.16 0.00024 C16H30O6 

317.212206 OxoETE 318.219483 1.18E+08 2.95E+08 1.33 0.00329 C20H30O3 

319.227852 HydroxyETE 320.235132 4.39E+07 9.41E+07 1.10 0.00192 C20H32O3 

323.186366 Dinor-PGD2 324.193664 6.01E+07 9.33E+07 0.64 0.00109 C18H28O5 

325.20204 2,3-Dinor-8-iso PGF2alpha  326.209313 7.46E+07 1.16E+08 0.63 0.00061 C18H30O5 

327.217687 2,3-Dinor-8-iso PGF1alpha 328.224962 8.92E+07 1.68E+08 0.92 0.00024 C18H32O5 

333.207137 12-Keto-LTB4 334.214398 1.37E+08 2.78E+08 1.02 0.00192 C20H30O4 

335.222788 LTB4 336.230047 1.14E+08 2.46E+08 1.11 0.00705 C20H32O4 

337.238343 5,6-DHET 338.245696 3.15E+07 5.23E+07 0.73 0.01137 C20H34O4 

341.197026 2,3-Dinor-6-keto-prostaglandin F1alpha 342.204228 4.61E+07 8.63E+07 0.91 0.00033 C18H30O6 

351.217684 OH-LTB4 352.224962 6.92E+08 1.22E+09 0.82 0.00427 C20H32O5 

353.233346 Prostaglandin F2alpha 354.240611 9.54E+07 1.58E+08 0.72 0.00898 C20H34O5 

355.176252 dinor omega-1-oxo-6-keto-PGF1alpha 356.183494 1.56E+07 3.08E+07 0.98 0.00045 C18H28O7 

357.191887 dinor omega-1-hydroxy-6-keto-PGF1alpha 358.199143 2.24E+07 4.33E+07 0.95 0.00109 C18H30O7 

365.196962 COOH-LTB4 366.204228 3.65E+08 7.43E+08 1.03 0.00145 C20H30O6 

367.212633 6-Keto-PGE1 368.219877 3.55E+08 6.42E+08 0.86 0.00427 C20H32O6 

369.228266 6-Keto-PGF1alpha 370.235526 1.16E+08 1.99E+08 0.79 0.00192 C20H34O6 

371.171123 COOH-2,3-Dinor-6-keto-prostaglandin F1alpha 372.178409 5.27E+05 7.25E+06 3.78 0.00640 C18H28O8 

438.231906 LTE4 439.239231 2.66E+06 7.06E+06 1.41 0.00886 C23H37O5N1S1 

454.226858 OH-LTE4 455.234146 1.20E+07 2.56E+07 1.09 0.00145 C23H37O6N1S1 

AAM sulfates        

379.143216 Tetranor-PGF1alpha sulfate 380.150481 1.11E+06 4.83E+06 2.12 0.00029 C16H28O8S1 

395.153386 15-Deoxy-delta-12,14-PGJ2 sulfate 396.160651 1.36E+07 3.74E+07 1.46 0.00024 C20H28O6S1 

397.169059 OxoETE sulfate 398.176300 1.86E+07 6.09E+07 1.71 0.00024 C20H30O6S1 

399.184703 HydroxyETE sulfate 400.191949 1.35E+07 3.49E+07 1.37 0.00024 C20H32O6S1 

403.143229 Dinor-PGD2 sulfate 404.150481 5.20E+06 1.06E+07 1.03 0.00033 C18H28O8S1 

405.158873 2,3-Dinor-8-iso PGF2alpha sulfate 406.166130 2.00E+07 5.24E+07 1.39 0.00024 C18H30O8S1 

407.174515 2,3-Dinor-8-iso PGF1alpha sulfate 408.181779 8.14E+07 2.31E+08 1.51 0.00024 C18H32O8S1 

413.163936 12-Keto-LTB4 sulfate 414.171215 2.85E+07 6.86E+07 1.27 0.00024 C20H30O7S1 

415.179608 LTB4 sulfate 416.186864 3.09E+07 8.15E+07 1.40 0.00024 C20H32O7S1 

421.153777 2,3-Dinor-6-keto-prostaglandin F1alpha sulfate 422.161045 7.73E+06 2.14E+07 1.47 0.00024 C18H30O9S1 

431.174538 OH-LTB4 sulfate 432.181779 2.65E+07 8.53E+07 1.68 0.00024 C20H32O8S1 

433.190235 Prostaglandin F2alpha sulfate 434.197428 1.36E+07 2.65E+07 0.97 0.00082 C20H34O8S1 

437.148675 dinor omega-1-hydroxy-6-keto-PGF1alpha sulfate 438.155960 2.13E+06 6.54E+06 1.62 0.00023 C18H30O10S1 

445.153793 COOH-LTB4 sulfate 446.161045 1.09E+07 2.91E+07 1.42 0.00024 C20H30O9S1 

447.169453 6-Keto-PGE1 sulfate 448.176694 1.48E+07 4.21E+07 1.50 0.00024 C20H32O9S1 

449.185157 6-Keto-PGF1alpha sulfate 450.192343 1.18E+07 2.80E+07 1.25 0.00024 C20H34O9S1 

AAM taurines        

410.236997 N-arachidonoyl taurine 411.244316 9.65E+06 1.59E+07 0.72 0.03376 C22H37O4N1S1 

426.231955 HydroxyETE taurine 427.239231 9.35E+06 1.53E+07 0.71 0.01789 C22H37O5N1S1 

440.211265 12-Keto-LTB4 taurine 441.218497 2.23E+07 4.99E+07 1.16 0.00033 C22H35O6N1S1 

442.226906 Leukotriene B4 taurine 443.234146 4.54E+07 9.24E+07 1.03 0.00082 C22H37O6N1S1 

444.169713 18-COOH-dinor-LTB4 taurine 445.177029 1.13E+07 2.75E+07 1.29 0.00061 C20H31O8N1S1 

458.221817 OH-LTB4 taurine 459.229061 2.51E+07 4.79E+07 0.93 0.00427 C22H37O7N1S1 

460.237467 Prostaglandin F2alpha taurine 461.244710 4.40E+07 8.64E+07 0.97 0.00427 C22H39O7N1S1 

472.201017 COOH-LTB4 taurine 473.208327 1.51E+07 2.86E+07 0.92 0.02722 C22H35O8N1S1 

Oxylipins sulfates       

357.174122 Sulfolinonelic acid 358.181385 3.91E+07 1.65E+08 2.07 0.00033 C18H30O5S1 

359.189773 Sulfolinoleic acid 360.197034 2.45E+09 8.89E+09 1.86 0.00024 C18H32O5S1 

361.2054 (9Z)-Octadecenoic acid sulfate 362.212683 1.01E+07 3.05E+07 1.60 0.00024 C18H34O5S1 

373.169038 Hydroxylinolenic acid sulfate 374.176300 3.56E+07 1.14E+08 1.68 0.00024 C18H30O6S1 

373.20543 Nonadecadienoic acid sulfate 374.212683 3.20E+08 1.30E+09 2.02 0.01789 C19H34O5S1 

375.184712 Hydroxylinoleic acid sulfate 376.191949 1.12E+08 2.76E+08 1.30 0.00145 C18H32O6S1 
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387.221075 Icosadienoic acid sulfate 388.228333 7.56E+06 1.32E+07 0.80 0.00427 C20H36O5S1 

391.179603 Dihydroxylinoleic acid sulfate 392.186864 8.50E+07 2.41E+08 1.50 0.00024 C18H32O7S1 

393.195257 Dihydroxyoleic acid sulfate 394.202513 7.98E+07 2.17E+08 1.44 0.00024 C18H34O7S1 

Oxylipins taurines       

400.216337 Hydroxylinolenic acid taurine 401.223582 1.50E+08 8.12E+07 -0.88 0.02749 C20H35O5N1S1 

402.231992 Hydroxylinoleic acid taurine 403.239231 1.97E+08 1.11E+08 -0.82 0.02749 C20H37O5N1S1 

404.24763 Hydroxyoleic acid taurine 405.254880 2.19E+07 5.02E+07 1.20 0.00192 C20H39O5N1S1 

420.242555 Dihydroxystearic acid taurine 421.249795 2.04E+07 4.87E+07 1.26 0.00061 C20H39O6N1S1 

446.258188 Dihydroxyeicosadienic acid taurine 447.265445 1.63E+08 5.26E+08 1.69 0.00033 C22H41O6N1S1 

448.273855 Dihydroxyeicosanoic acid taurine 449.281094 7.72E+07 3.41E+08 2.14 0.00024 C22H43O6N1S1 

6.1.2.1 Fatty acids conjugated with taurine or other amino acids in 

four different gastrointestinal matrices between db/db and wt mice 

Table 17 N-acyltaurines and other fatty acids with amino acids 

Mass (avg.) Compound Name Monoisotop

ic mass 

p-value 

(CECUM) db/db 

vs. wt 

p-value 

(MIDDLE) db/db 

vs. wt 

p-value 

(DISTAL) db/db 

vs. wt 

p-value 

(FECES) 

db/db vs. wt 

Molecular Formula 

N-acyltaurines        

388.252679 N-oleoyl taurine C18:1 389.25998 n.s. 0.00769 0.01291 0.04123 C20H39O4N1S1 

410.236997 N-arachidonoyl taurine 411.24433 n.s. 0.03261 0.00655 0.03376 C22H37O4N1S1 

Other Fatty acids with amino acids       

354.301372 N-palmitoyl valine 355.308644 n.s. n.s. 0.00020 0.01137 C21H41O3N1 

368.317013 N-palmitoyl (iso)leucine  369.324294 n.s. n.s. 0.00034 n.s. C22H43O3N1 

394.332688 N-oleoyl (iso)leucine 395.339944 n.s. n.s. 0.00050 n.s. C24H45O3N1 



 

 

6.1.3 Plasma metabolome between db/db and wt mice 

Table 18 Plasma metabolites differed significantly between db/db and wt mice 

Mass (avg.) Compound Name Monoisotopic mass MEAN wt MEAN db/db Log2 fold change 

 db/db vs. wt 

p-value Molecular Formula 

180.066558 L-Tyrosine 181.073834 1.78E+06 2.06E+05 8.64 0.01663 C9H11NO3 

203.082534 L-Tryptophan 204.08981 4.44E+06 1.89E+06 2.35 0.02050 C11H12N2O2 

145.061808 L-Glutamine 146.069084 4.03E+06 2.73E+06 1.48 0.04095 C5H10N2O3 

377.269628 2-Arachidonoylglycerol 378.276904 2.71E+06 6.92E+05 3.91 0.01376 C23H38O4 

328.045184 3',5'-Cyclic AMP 329.05246 6.61E+06 8.60E+06 0.77 0.01556 C10H12N5O6P 

361.202114 Cortisol 362.20939 2.04E+07 4.75E+05 4.87 0.00007 C21H30O5 

435.348053 Tetrahydroxycholestane 436.355329 6.57E+06 2.62E+06 2.50 0.00147 C27H48O4 

514.284765 Taurocholate 515.292041 1.50E+08 2.81E+07 5.33 0.00029 C26H45NO7S 

251.078572 Deoxyinosine 252.085848 1.21E+07 6.43E+06 1.88 0.01556 C10H12N4O4 

231.113862 Melatonin 232.121138 1.63E+08 8.70E+07 1.87 0.00115 C13H16N2O2 

353.233413 Prostaglandin F2alpha 354.240689 3.36E+06 1.99E+06 1.69 0.03692 C20H34O5 

277.111481 Methylthioheptylmalic acid 278.118757 6.54E+06 2.63E+06 2.49 0.00088 C12H22O5S 

367.096954 Indolylmethyl-desulfoglucosinolate 368.10423 8.28E+06 4.45E+06 1.86 0.01911 C16H20N2O6S 

207.07745 Formyl-5-hydroxykynurenamine 208.084726 6.26E+06 4.80E+06 1.30 0.03429 C10H12N2O3 

217.098215 N-Acetylserotonin 218.105491 5.50E+07 3.12E+07 1.77 0.00407 C12H14N2O2 

475.197557 2-Methoxyestrone 3-glucuronide 476.204833 4.96E+06 6.57E+05 7.54 0.01031 C25H32O9 

333.091319 Penicillin G 334.098595 7.99E+06 5.16E+06 1.55 0.00516 C16H18N2O4S 

391.285568 Deoxycholic acid 392.292844 5.95E+06 3.16E+06 1.88 0.00319 C24H40O4 

369.228546 6-Keto-prostaglandin F1alpha 370.235822 2.99E+06 1.50E+06 1.99 0.03703 C20H34O6 

311.22278 Hydroxyoleic acid  312.230056 1.47E+07 1.03E+07 1.43 0.04937 C18H32O4 

305.248531 Eicosatrienoic acid C20:3 306.255807 2.14E+07 9.90E+06 2.16 0.01261 C20H34O2 

323.186444 Dinor-PGD2 324.193664 4.13E+06 1.74E+06 2.38 0.03057 C18H28O5 

356.190195 Hexadecatrienoic acid taurine C16:3 357.197369 2.18E+06 1.00E+06 2.18 0.01300 C18H31O4N1S1 

357.192006 dinor omega-1-hydroxy-6-keto-PGF1alpha 358.199143 6.22E+06 4.93E+06 1.26 0.00815 C18H30O7 

359.189711 Sulfolinoleic acid 360.197034 7.38E+07 4.71E+07 1.57 0.04937 C18H32O5S1 

375.184689 Hydroxylinoleic acid sulfate 376.191949 1.97E+07 5.88E+06 3.35 0.00150 C18H32O6S1 

388.252812 N-oleoyl taurine C18:1 389.259965 2.19E+06 4.87E+05 4.51 0.03292 C20H39O4N1S1 

465.304421 Cholesterol sulfate 466.311664 1.13E+09 5.52E+08 2.04 0.04125 C27H46O4S1 
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6.1.4 Fecal meta-metabolome analysis based on (-) UPLC-TOF-

MS analysis 

Table 19 Fecal metabolites differed significantly between db/db and wt mice of (-) UPLC-TOF-

MS analysis 

Mass (avg.) Retention time in min. Metabolite name Monoisotopic mass MEAN wt MEAN db/db p-value Molecular Formula 

243.04456 2.13 Kynuramine sulfate 244.051775 1.86E+03 2.06E+04 0.00327 C9H12N2O4S 

365.19691 8.11 COOH-LTB4 366.204228 0.00E+00 6.87E+03 0.00466 C20H30O6 

351.21742 10.26 OH-LTB4 352.224962 2.93E+02 6.11E+03 0.00325 C20H32O5 

367.21192 10.80 6-Keto-PGE1 368.219877 0.00E+00 3.89E+03 0.00466 C20H32O6 

431.17442 10.82 OH-LTB4 sulfate 432.181779 0.00E+00 3.06E+03 0.02451 C20H32O8S1 

413.16373 11.21 12-Keto-LTB4 sulfate 414.171215 0.00E+00 3.25E+03 0.01109 C20H30O7S1 

415.17915 11.24 LTB4 sulfate 416.186864 0.00E+00 4.37E+03 0.00466 C20H32O7S1 

407.17465 12.18 2,3-Dinor-8-iso PGF1alpha sulfate 408.181779 3.51E+02 6.99E+03 0.00325 C18H32O8S1 

365.23318 12.26 Urocortisol 366.240611 4.48E+03 6.76E+04 0.00072 C21H34O5 

594.24069 12.44 Taurocholic acid sulfate 595.248475 6.91E+03 1.45E+03 0.01038 C26H45O10N1S2 

391.17894 12.44 Dihydroxylinoleic acid sulfate 392.186864 3.42E+03 1.50E+04 0.00922 C18H32O7S1 

397.16894 12.58 OxoETE sulfate 398.176300 5.44E+02 1.14E+04 0.00029 C20H30O6S1 

393.19433 12.61 Dihydroxyoleic acid sulfate 394.202513 2.80E+04 8.06E+04 0.00994 C18H34O7S1 

363.21751 13.00 Urocortisone 364.224962 4.92E+02 1.61E+04 0.00096 C21H32O5 

375.18461 13.02 Hydroxylinoleic acid sulfate 376.191949 5.04E+03 1.75E+04 0.00873 C18H32O6S1 

395.15345 13.21 15-Deoxy-delta-12,14-PGJ2 sulfate 396.160651 0.00E+00 6.52E+03 0.00466 C20H28O6S1 

373.16908 13.40 Hydroxylinolenic acid sulfate 374.176300 0.00E+00 4.96E+03 0.01109 C18H30O6S1 

440.21096 13.61 12-Keto-LTB4 taurine 441.218497 3.37E+02 9.09E+03 0.00325 C22H35O6N1S1 

434.22233 14.28 2,3-Dinor-8-iso PGF1alpha taurine 435.229061 9.04E+02 7.03E+03 0.00252 C20H37O7N1S1 

460.23768 14.45 Prostaglandin F2alpha taurine 461.244710 0.00E+00 2.69E+03 0.01109 C22H39O7N1S1 

405.26492 14.61 Ketodeoxycholic acid 406.271910 1.82E+04 5.16E+03 0.01194 C24H38O5 

333.20737 14.91 12-Keto-LTB4 334.214398 1.39E+03 3.65E+03 0.00538 C20H30O4 

335.22284 15.16 LTB4 336.230047 5.13E+02 3.33E+03 0.02818 C20H32O4 

402.23226 15.18 Hydroxylinoleic acid taurine 403.239231 3.79E+03 1.53E+04 0.00842 C20H37O5N1S1 

313.2387 15.19 Dihydroxyoleic acid 314.245696 0.00E+00 3.18E+03 0.00466 C18H34O4 

399.18614 15.27 HydroxyETE sulfate 400.191949 0.00E+00 2.02E+03 0.02451 C20H32O6S1 

315.19695 15.33 15-Deoxy-delta-12,14-PGJ2 316.203834 0.00E+00 1.00E+04 0.01109 C20H28O3 

359.18939 15.37 Sulfolinoleic acid 360.197034 2.12E+06 7.76E+06 0.03297 C18H32O5S1 

404.24777 15.82 Hydroxyoleic acid taurine 405.254880 1.48E+03 1.18E+04 0.00089 C20H39O5N1S1 

354.17467 16.01 Hexadecatetraenoic acid taurine C16:4 355.181719 3.19E+02 4.98E+03 0.00974 C18H29O4N1S1 

356.19052 16.02 Hexadecatrienoic acid taurine C16:3 357.197369 3.22E+02 1.12E+04 0.00440 C18H31O4N1S1 

373.20543 16.31 Nonadecadienoic acid sulfate 374.212683 7.17E+04 4.58E+05 0.03297 C19H34O5S1 

315.25432 16.34 Dihydroxystearic acid 316.261346 6.03E+03 1.09E+04 0.02633 C18H36O4 

385.23872 16.86 Dioxocholenoic acid 386.245696 9.40E+02 4.70E+03 0.00794 C24H34O4 

319.22772 16.91 HydroxyETE 320.235132 7.39E+02 3.28E+03 0.03677 C20H32O3 

391.28525 16.97 Deoxycholic acid 392.292644 1.80E+05 3.61E+05 0.00997 C24H40O4 

446.25832 17.05 Dihydroxyeicosadienic acid taurine 447.265445 3.38E+04 1.36E+05 0.00073 C22H41O6N1S1 

297.24349 17.06 Hydroxyoleic acid 298.250781 4.94E+04 1.02E+05 0.00588 C18H34O3 

420.2428 17.15 Dihydroxystearic acid taurine 421.249795 0.00E+00 4.38E+03 0.00180 C20H39O6N1S1 

497.29433 17.43 Dihydroxycholesterol sulfate 498.301494 0.00E+00 2.06E+03 0.02451 C27H46O6S1 

448.27412 17.55 Dihydroxyeicosanoic acid taurine 449.281094 1.09E+04 5.85E+04 0.00038 C22H43O6N1S1 

386.23689 17.57 N-linoleoyl taurine C18:2 387.244316 0.00E+00 9.56E+03 0.00466 C20H37O4N1S1 

301.21736 18.02 Icosapentanoic acid 302.224568 2.75E+03 9.27E+03 0.01194 C20H30O2 

327.23312 18.24 Docosahexaenoic acid 328.240217 7.42E+03 2.75E+04 0.00756 C22H32O2 

303.23295 18.29 Arachidonic acid (ETE) 304.240217 3.00E+04 7.05E+04 0.02633 C20H32O2 

 



 

 

6.1.5 Cecal and plasma meta-metabolome affected by COMBI 

treatment 

Table 20 Cecal and plasma metabolites differed altered after COMBI treatment of db/db mice 

Metabolites p-value db/db vs. db/db COMBI 

CECUM  

15-Deoxy-delta-12,14-PGJ2 0.015564411 

OxoETE 0.023342201 

Dihydroxyeicosadienic acid taurine 0.003185649 

Dihydroxyeicosanoic acid taurine 0.000504076 

Octatriacontahexaenoic acid 0.023342201 

Tetrahydroxycholestane 0.023342201 

N-linoleoyl taurine C18:2 0.001055822 

Nonacosatrienoic acid 0.027184041 

N-oleoyl taurine C18:1#LMFA08020081 0.038601913 

Pentacosadienoic acid 0.015474393 

Dihydroxystearic acid taurine 0.008913884 

Pentacosatrienoic acid 0.020510329 

Hexadecatetraenoic acid taurine C16:4 0.005175295 

Hexadecadienoic acid taurine C16:2 0.021543097 

LTE4 0.021101058 

Nonadecenoic acid taurine C19:1 0.030570457 

Hydroxyoxocholestenoate 0.010165202 

Plasma  

L-Glutamine 0.005612996 

Formyl-5-hydroxykynurenamine 0.049366195 

Methylthioheptylmalic acid 0.028365506 

dinor omega-1-hydroxy-6-keto-PGF1alpha 0.049366195 
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6.1.6 Topographical analysis of gastrointestinal luminal meta-

metabolome in wt mice – correlation analysis 

Table 21 Meta-metabolome distribution along the gastrointestinal luminal content of wt mice 

Mass (avg.) Compound Name Monoisotopic mass Pearson correlation R2 p-corr  Molecular Formula 

Positive Correlation     

280.22837 Unknown 281.23547 0.68 5.8720E-06 C17H31O2N1 

299.13222 Unknown 300.13952 0.67 1.2444E-05 C15H24O4S1 

300.135595 Y 301.14263 0.67 1.1639E-05 C16H19N3O3 

311.222786 Hydroxyoxooleic acid 312.23005 0.69 5.5581E-06 C18H32O4 

311.259131 Oxononadecanoic acid 312.26643 0.68 7.3460E-06 C19H36O3 

313.238439 Dihydroxyoleic acid 314.24570 0.73 7.6277E-07 C18H34O4 

315.254101 Dihydroxystearic acid 316.26135 0.68 6.2652E-06 C18H36O4 

354.301372 N-palmitoyl valine 355.30863 0.75 1.8465E-07 C21H41O3N1 

359.181887 Unknown 360.18879 0.67 1.0444E-05 C18H33O3S1P1 

359.193705 Unknown 360.20087 0.68 7.6907E-06 C15H28O6N4 

360.196956 Unknown 361.20417 0.67 1.1968E-05 C24H27O2N1 

362.237074 N-palmitoyl taurine C16:0 363.24432 0.67 9.2066E-06 C18H37O4N1S1 

368.317013 N-palmitoyl (iso)leucine  369.32428 0.70 2.3043E-06 C22H43O3N1 

384.221373 Octadecatrienoic acid taurine C18:3 385.22867 0.67 1.2575E-05 C20H35O4N1S1 

389.200244 Unknown 390.20760 0.67 1.2223E-05 C19H34O6S1 

404.24763 Hydroxyoleic acid taurine 405.25488 0.67 1.0514E-05 C20H39O5N1S1 

405.195219 Unknown 406.20251 0.67 1.0215E-05 C19H34O7S1 

410.236997 N-arachidonoyl taurine 411.24432 0.67 1.0754E-05 C22H37O4N1S1 

446.258188 Dihydroxyeicosadienic acid taurine 447.26544 0.68 8.2789E-06 C22H41O6N1S1 

458.258196 Unknown 459.26544 0.70 2.2976E-06 C23H41O6N1S1 

486.289508 Unknown 487.29674 0.67 8.7154E-06 C25H45O6N1S1 

504.299915 Unknown 505.30731 0.67 9.0684E-06 C25H47O7N1S1 

527.249867 Unknown 528.25705 0.67 1.0845E-05 C26H40O11 

541.462743 Y 542.46987 0.70 2.3403E-06 C36H62O3 

549.452625 Unknown 550.45970 0.67 9.4757E-06 C34H62O5 

Negative Correlation     

205.159793 Octylphenol 206.16706 -0.50 1.9859E-03 C14H22O1 

211.133959 Oxododecenoic acid 212.14124 -0.46 5.1608E-03 C12H20O3 

219.175432 Nonylphenol 220.18271 -0.55 5.7979E-04 C15H24O1 

221.049101 Methylthiopropylmalic acid 222.05619 -0.47 4.6128E-03 C8H14O5S 

225.113231 Tuberonic acid 226.12050 -0.46 5.1220E-03 C12H18O4 

229.144525 Dodecanedioic acid 230.15180 -0.45 6.4510E-03 C12H22O4 

233.15471 Y 234.16197 -0.51 1.8534E-03 C15H22O2 

235.133981 Heptyloxybenzoic acid  236.14124 -0.44 7.8455E-03 C14H20O3 

236.078433 Aminomethylsulfanyloctanoic acid 237.08572 -0.59 1.6730E-04 C9H19O2N1S2 

237.149628 Oxotetradecadienoic acid 238.15689 -0.43 1.0344E-02 C14H22O3 

239.165274 Oxotetradecenoic acid 240.17254 -0.49 2.8774E-03 C14H24O3 

249.185989 Hexadecatrienoic acid 250.19327 -0.41 1.3451E-02 C16H26O2 

252.073361 Unknown 253.08063 -0.53 1.0116E-03 C9H19O3N1S2 

261.222369 Dodecylphenol 262.22965 -0.68 7.2283E-06 C18H30O1 

265.180903 Hydroxyhexydecatrienoic acid 266.18818 -0.44 8.6148E-03 C16H26O3 

277.122765 Pantetheine 278.13002 -0.43 9.4352E-03 C11H22O4N2S1 

285.222392 Retinol 286.22965 -0.49 2.8741E-03 C20H30O1 

351.157761 Unknown 352.16508 -0.46 5.3042E-03 C15H29O7P1 

353.173345 PA(12:0/0:0) 354.18073 -0.48 3.4397E-03 C15H31O7P1 

373.199751 Unknown 374.20694 -0.47 4.0326E-03 C15H35O8P1 

391.082295 Hydroxybenzylkaempferol  392.08960 -0.53 1.0501E-03 C22H16O7 

447.200157 Unknown 448.20734 -0.40 1.8275E-02 C17H37O11P1 

450.177038 Unknown 451.18422 -0.49 2.5501E-03 C22H29O9N1 

457.220782 Unknown 458.22807 -0.38 2.3932E-02 C19H39O10P1 

473.218162 Y 474.22536 -0.55 5.6891E-04 C26H34O8 

Y= this mass signal was annotated but metabolite classification was not possible 



 

 

6.2 Tables of DIO metabolomics study 

6.2.1 Analysis of cecal metabolites of C57J and C57N 

Table 22 Cecal meta-metabolome changes of C57J and C57N mice after SAFF, LARD and SD 

diet 

Mass (avg.) Compound Name Monoisotopic 

mass 

Mean 

(n=53) 

p-value  

SAFF C57J vs. 

C57N 

p-value  

LARD C57J vs. 

C57N 

p-value  

SD C57J vs. 

C57N 

Molecular 

Formula 

377.233338 Y 378.2406114 3.76E+07 0.04095 0.01789 0.00737 C22H34O5 

395.243825 Y 396.2511756 3.46E+07 0.01222 0.04123 0.01853 C22H36O6 

415.179672 LTB4 sulfate 416.1868642 3.81E+07 0.02956 0.01431 0.04236 C20H32O7S1 

419.243922 Unknown 420.2511756 5.78E+07 0.01012 0.04123 0.02835 C24H36O6 

265.253722 Y 266.2609514 3.51E+07 0.03486 0.02742 n.s. C18H34O1 

267.269266 Y 268.2766006 6.10E+07 0.01222 0.03376 n.s. C18H36O1 

281.158092 Unknown 282.1653416 2.90E+07 0.04095 0.00061 n.s. C16H26O2S1 

295.154935 Y 296.1623654 3.17E+07 0.01012 0.00024 n.s. C16H24O5 

295.300709 Y 296.3078990 4.14E+07 0.01470 0.01137 n.s. C20H40O1 

297.113129 Enterolactone 298.1205028 5.25E+08 0.03486 0.00550 n.s. C18H18O4 

299.201693 Retinoic Acid  300.2089188 4.68E+07 0.00686 0.01137 n.s. C20H28O2 

300.048895 N-Acetyl-D-glucosamine 6-

phosphate 

301.0562656 2.91E+07 0.02956 0.04087 n.s. C8H16NO9P 

307.264205 Eicosadienoic acid (C20:2) 308.2715156 3.05E+09 0.01012 0.01137 n.s. C20H36O2 

317.150749 Unknown 318.1579492 3.87E+07 0.03486 0.00427 n.s. C17H22O4N2 

333.279892 Docosatrienoic acid (C22:3) 334.2871648 2.53E+08 0.00194 0.01431 n.s. C22H38O2 

341.106418 Unknown 342.1137032 7.05E+07 0.04095 0.00045 n.s. C16H22O6S1 

341.196952 2,3-dinor, 6-keto-PGF1alpha 342.2042280 3.50E+07 0.02956 0.00550 n.s. C18H30O6 

357.101366 Unknown 358.1086182 4.21E+07 0.04791 0.00145 n.s. C16H22O7S1 

369.228286 6-Keto-prostaglandin F1alpha 370.2355264 6.62E+07 0.04095 0.01789 n.s. C20H34O6 

379.21255 Unknown 380.2198772 3.78E+08 0.04791 0.04123 n.s. C21H32O6 

383.091846 Unknown 384.0991170 3.22E+07 0.01222 0.02224 n.s. C16H20O7N2S1 

383.197532 Diphloretoylputrescine 384.2048968 3.02E+07 0.00012 0.00007 n.s. C22H28N2O4 

383.265283 Unknown 384.2723040 4.20E+07 0.03486 0.03376 n.s. C18H40O8 

411.238829 LysoPC(10:0) 412.2460906 3.50E+07 0.02497 0.01431 n.s. C22H36O7 

426.195457 Unknown 427.2028478 3.54E+07 0.01222 0.01991 n.s. C21H33O6N1S1 

427.32166 Y 428.3290274 2.96E+07 0.04791 0.00329 n.s. C28H44O3 

431.352947 Y 432.3603258 7.65E+07 0.04791 0.03376 n.s. C28H48O3 

445.190093 Y 446.1974284 3.20E+07 0.03486 0.00252 n.s. C21H34O8S1 

489.270523 Unknown 490.2777832 4.00E+07 0.03486 0.00420 n.s. C24H42O10 

496.273817 Taurohydroxyoxocholanoic 

acid 

497.2810938 8.02E+07 0.01470 0.00145 n.s. C26H43O6N1S1 

498.289477 Taurodeoxycholic acid 499.2967430 3.57E+08 0.00562 0.03376 n.s. C26H45O6N1S1 

509.3594 Unknown 510.3668680 3.92E+07 0.03486 0.00427 n.s. C28H50O6N2 

512.268599 Sulfolithocholylglycine  513.2760088 2.04E+08 0.00686 0.00192 n.s. C26H43O7N1S1 

514.284132 Taurocholic acid 515.2916580 3.12E+09 0.00458 0.01789 n.s. C26H45O7N1S1 

517.31693 Y 518.3243366 9.85E+07 0.02101 0.03376 n.s. C30H46O7 

530.279358 Taurotetrahydroxycholanoic 

acid 

531.2865730 3.50E+07 0.00632 0.00323 n.s. C26H45O8N1S1 

536.266135 Unknown 537.2736398 4.46E+07 0.00686 0.01431 n.s. C21H48O10N1S1P1 

586.450686 Unknown 587.4583200 3.74E+07 0.02497 0.02749 n.s. C33H65O5N1S1 

588.466295 Unknown 589.4739692 7.87E+08 0.00835 0.00329 n.s. C33H67O5N1S1 

589.303054 D-Urobilinogen 590.3104192 6.02E+07 0.01467 0.01431 n.s. C33H42N4O6 

590.491772 Unknown 591.4991340 5.58E+07 0.01222 0.01789 n.s. C33H70O5N1P1 

591.318793 I-Urobilinogen 592.3260684 3.59E+08 0.01222 0.00705 n.s. C33H44N4O6 

595.349929 L-Urobilinogen 596.3573668 6.13E+07 0.02101 0.00898 n.s. C33H48N4O6 

602.482356 Unknown 603.4896184 3.22E+08 0.01012 0.00109 n.s. C34H69O5N1S1 

616.222806 Y 617.2304568 1.42E+08 0.01315 0.00082 n.s. C21H48O13N1S2P1 

616.461176 Unknown 617.4688842 2.09E+08 0.00458 0.00550 n.s. C34H67O6N1S1 

616.497532 Unknown 617.5052676 4.69E+07 0.02497 0.00082 n.s. C35H71O5N1S1 

630.476822 Unknown 631.4845334 7.08E+07 0.00242 0.00109 n.s. C35H69O6N1S1 

632.197143 Unknown 633.2042434 4.06E+07 0.00494 0.00258 n.s. C24H44O12N1S2P1 

747.517607 Y 748.5254072 3.50E+07 0.04095 0.03376 n.s. C40H77O10P 

Y= this mass signal was annotated but metabolite classification was not possible 
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6.2.2 Correlation analysis of body weight changes related to 

cecal meta-metabolome 

Table 23 Pearson Correlation results of body weight changes with metabolome data 

Mass (avg.) Compound Name Monoisotopic mass Pearson R2 p-corr (n=53) Molecular Formula 

329.142735 Unknown 330.150087 0.75 5.92E-11 C16H26O5S1 

602.482356 Unknown 603.489618 0.73 4.37188E-10 C34H69O5N1S1 

343.085698 Unknown 344.092969 0.73 5.65872E-10 C15H20O7S1 

344.089025 Unknown 345.096081 0.72 8.52003E-10 C16H15O6N3 

281.13936 Y 282.146716 0.72 1.41677E-09 C15H22O5 

417.141022 Unknown 418.148372 0.71 2.0341E-09 C19H30O6S2 

327.127153 Y 328.134437 0.71 2.22861E-09 C16H24O5S1 

339.090795 Unknown 340.098054 0.71 2.3975E-09 C16H20O6S1 

321.127836 Unknown 322.135106 0.71 2.78726E-09 C16H22O3N2S1 

323.143564 Unknown 324.150755 0.71 2.99459E-09 C16H24O3N2S1 

351.094193 Unknown 352.101424 0.70 3.82773E-09 C14H24O6S2 

317.124299 Unknown 318.131461 0.69 8.19183E-09 C14H22O8 

281.085348 Unknown 282.092575 0.69 8.34154E-09 C14H18O4S1 

341.106418 Unknown 342.113703 0.69 8.47682E-09 C16H22O6S1 

315.090757 Unknown 316.098054 0.69 8.66604E-09 C14H20O6S1 

600.466695 Y 601.473969 0.69 8.78046E-09 C34H67O5N1S1 

295.100881 Unknown 296.108224 0.69 9.80734E-09 C15H20O4S1 

342.109777 Unknown 343.116815 0.69 1.01012E-08 C17H17O5N3 

357.101366 Unknown 358.108618 0.69 1.14264E-08 C16H22O7S1 

285.116571 Unknown 286.123873 0.69 1.2762E-08 C14H22O4S1 

391.212566 Y 392.219877 0.69 1.29505E-08 C22H32O6 

358.104714 Unknown 359.111730 0.68 1.72757E-08 C17H17O6N3 

328.094125 Unknown 329.101166 0.68 1.79804E-08 C16H15O5N3 

383.189695 Unknown 384.197034 0.67 2.64815E-08 C20H32O5S1 

279.123875 Y 280.131067 0.67 2.70688E-08 C15H20O5 

343.122051 Unknown 344.129352 0.67 2.91404E-08 C16H24O6S1 

359.116973 Unknown 360.124267 0.67 3.3171E-08 C16H24O7S1 

283.100884 Unknown 284.108224 0.67 3.9353E-08 C14H20O4S1 

199.097566 Y 200.104854 0.67 4.13684E-08 C10H16O4 

415.125465 Unknown 416.132723 0.67 4.74356E-08 C19H28O6S2 

315.127029 Unknown 316.134437 0.66 4.88663E-08 C15H24O5S1 

399.184673 Unknown 400.191949 0.66 5.28297E-08 C20H32O6S1 

616.497532 Unknown 617.505268 0.66 5.43362E-08 C35H71O5N1S1 

331.085578 Unknown 332.092969 0.66 5.63186E-08 C14H20O7S1 

295.154935 Y 296.162365 0.66 6.94802E-08 C16H24O5 

325.165794 Unknown 326.172930 0.66 7.38834E-08 C17H26O6 

225.113286 Y 226.120503 0.65 9.4271E-08 C12H18O4 

277.108224 Y 278.115418 0.65 1.15445E-07 C15H18O5 

603.48091 Unknown 604.488890 0.65 1.47086E-07 C38H68O3S1 

385.168988 Unknown 386.176300 0.65 1.49163E-07 C19H30O6S1 

327.093246 Unknown 328.100557 0.65 1.55782E-07 C11H20O11 

331.166394 Unknown 332.173598 0.64 1.94919E-07 C18H24O4N2 

267.123862 Unknown 268.131067 0.64 2.07945E-07 C14H20O5 

317.150749 Unknown 318.157949 0.64 2.25218E-07 C17H22O4N2 

323.295677 Y 324.302814 0.64 2.25939E-07 C21H40O2 

327.14479 Y 328.152195 0.64 2.40825E-07 C16H24O7 

393.104672 Unknown 394.111989 0.64 2.66539E-07 C16H26O7S2 

223.097564 Y 224.104854 0.64 2.69005E-07 C12H16O4 

389.196979 Y 390.204228 0.64 2.76452E-07 C22H30O6 

311.186373 Unknown 312.193664 0.64 2.90278E-07 C17H28O5 

Y= this mass signal was annotated but metabolite classification was not possible 



 

 

6.2.3 Cecal meta-metabolome changes between C57J and C57N 

mice on SAFF diet 

Table 24 Metabolites classes affected after SAFF diet in C57J and C57N mice 

Compound class Mass (avg.) Compound Name Monoisotopic 

mass 

MEAN SAFF 

C57J 

MEAN SAFF 

C57N 

log2 fold 

change  

C57J vs. 

C57N 

p-value Molecular 

Formula 

C24 Bile acids 

 401.233323 Trixoxocholanoic acid 402.240611 1.65E+07 1.89E+07 -0.20 0.024968 C24H34O5 

 421.259526 Trihydroxyoxocholanoic acid 422.266825 2.18E+08 2.62E+08 -0.26 0.004578 C24H38O6 

 423.275108 Tetrahydroxycholanoic acid 424.282474 5.43E+08 7.15E+08 -0.40 0.017608 C24H40O6 

 375.29046 Lithocholic acid 376.297729 1.49E+09 9.91E+08 0.59 n.s. C24H40O3 

 407.280086 Cholic acid 408.287559 8.58E+09 7.69E+09 0.16 n.s. C24H40O5 

 355.264269 Cholandienoic acid 356.271516 1.14E+07 7.05E+06 0.70 0.029559 C24H36O2 

 371.259162 Oxocholenoic acid 372.266431 2.45E+07 1.56E+07 0.66 0.003005 C24H36O3 

 373.274756 Oxocholanoic acid 374.282080 9.79E+07 6.65E+07 0.56 n.s. C24H38O3 

 391.285157 Deoxycholic acid 392.292644 1.57E+10 9.36E+09 0.75 0.024968 C24H40O4 

Fatty acids 

 435.25176 Lysophosphatidic Acid (18:1) 436.258977 9.42E+06 2.10E+07 -1.16 0.00453 C21H41O7P1 

 269.24867 Margaric acid (C17:0) 270.255866 2.46E+08 2.84E+08 -0.21 0.02274 C17H34O2 

 333.279892 Docosatrienoic acid (C22:3) 334.287165 9.55E+07 3.03E+08 -1.66 0.00194 C22H38O2 

 335.295584 Docosadienoic acid (C22:2) 336.302814 7.78E+07 1.14E+08 -0.55 0.02101 C22H40O2 

 319.227887 Hydroxyarachidonic acid 320.235132 2.68E+07 1.42E+07 0.92 0.00835 C20H32O3 

 335.222773 LTB4 336.230047 4.92E+07 2.45E+07 1.01 0.00458 C20H32O4 

 299.201693 Retinoic Acid  300.208919 5.40E+07 2.74E+07 0.98 0.00686 C20H28O2 

 301.217307 Eicosapentaenoic acid (C20:5) 302.224568 5.46E+07 2.91E+07 0.91 0.01761 C20H30O2 

 327.233001 Docosahexanoic acid (C22:6) 328.240217 5.76E+08 1.59E+08 1.86 0.01222 C22H32O2 

 307.264205 Eicosadienoic acid (C20:2) 308.271516 2.01E+09 3.69E+09 -0.88 0.01012 C20H36O2 

 303.232832 Arachidonic Acid (C20:4) 304.240217 2.96E+09 9.30E+08 1.67 0.01761 C20H32O2 

Endocannabinoid

s 

 350.306468 Anandamide (20:2) 351.313713 2.94E+06 5.72E+06 -0.96 0.03922 C22H41O2N1 

 352.322092 Anandamide (20:1) 353.329362 8.98E+06 1.42E+07 -0.66 0.01761 C22H43O2N1 

 380.353453 Erucicoylethanolamine 381.360660 4.69E+05 1.79E+06 -1.93 0.02121 C24H47O2N1 

 326.306606 Stearoylethanolamine 327.313713 1.24E+07 3.29E+07 -1.41 0.00686 C20H41NO2 

 324.290713 N-Oleoylethanolamine 325.298063 5.25E+06 1.31E+07 -1.32 0.02956 C20H39O2N1 

Urobilinoids 

 593.334357 L-Urobilin 594.341718 5.20E+08 9.73E+08 -0.90 0.02497 C33H46N4O6 

 587.287171 D-Urobilin 588.294770 2.69E+06 8.17E+06 -1.61 0.00698 C33H40N4O6 

 595.349929 L-Urobilinogen 596.357367 5.05E+07 9.64E+07 -0.93 0.02101 C33H48N4O6 

 591.318793 I-Urobilinogen 592.326068 2.12E+08 6.32E+08 -1.57 0.01222 C33H44N4O6 

 589.303054 D-Urobilinogen 590.310419 2.04E+07 1.06E+08 -2.38 0.01467 C33H42N4O6 

 583.255677 Bilirubin 584.263472 2.37E+07 2.92E+07 -0.30 n.s. C33H36N4O6 

Other conjugated 

C24 Bile acids 

 455.247299 Sulfolithocholic acid 456.254546 1.12E+07 3.14E+06 1.83 0.02649 C24H40O6S1 

 471.24211 Sulfodeoxycholic acid 472.249461 2.61E+08 2.27E+08 0.20 n.s. C24H40O7S1 

 487.236698 Sulfocholic acid 488.244376 7.03E+09 4.75E+09 0.57 n.s. C24H40O8S1 

 512.268599 Sulfolithocholylglycine  513.276009 2.02E+08 1.08E+08 0.91 0.00686 C26H43O7N1S1 

 528.263526 Sulfodeoxycholylglycine 529.270924 3.70E+07 2.11E+07 0.81 0.02959 C26H43O8N1S1 

 544.258192 Sulfocholylglycine 545.265839 8.95E+06 1.40E+06 2.67 0.00093 C26H43O9N1S1 

 448.306922 Glycodeoxycholic Acid 449.314107 1.66E+06 1.00E+06 0.73 0.01869 C26H43O5N1 

 464.301993 Glycocholic acid 465.309022 8.09E+06 2.12E+06 1.93 0.03425 C26H43NO6 

 

Table 25 C24 and C27 conjugated BAs affected in C57J and C57N mice after SAFF diet (taurine 

and sulfate) 

Mass (avg.) Compound Name Monoisotopic mass MEAN SAFF C57J MEAN SAFF C57N p-value Molecular Formula 

C24 Taurine conjugated Bile acids       

478.263234 Taurooxocholenoic acid 479.270530 5.51E+06 1.04E+06 0.00630 C26H41O5N1S1 

480.278841 Taurooxocholanoic acid 481.286179 7.49E+06 1.20E+06 0.02422 C26H43O5N1S1 

482.294473 Taurolithocholic acid 483.301828 1.20E+07 1.78E+06 0.01317 C26H45O5N1S1 

494.257970 Taurodioxocholanoic acid 495.265445 1.65E+07 4.78E+06 0.00458 C26H41O6N1S1 

496.273817 Taurohydroxyoxocholanoic acid 497.281094 1.27E+08 3.75E+07 0.01470 C26H43O6N1S1 

498.289477 Taurodeoxycholic acid 499.296743 5.34E+08 2.25E+08 0.00562 C26H45O6N1S1 

510.252936 Taurohydroxydioxocholanoic acid 511.260360 1.95E+07 7.31E+06 0.00123 C26H41O7N1S1 

514.284132 Taurocholic acid 515.291658 3.88E+09 1.10E+09 0.00458 C26H45O7N1S1 

530.279358 Taurotetrahydroxycholanoic acid 531.286573 5.93E+07 8.37E+06 0.00632 C26H45O8N1S1 

594.240876 Taurocholic acid 3-sulfate 595.248475 6.92E+07 2.92E+05 0.00671 C26H45O10N1S2 

C27 Taurine conjugated Bile acids       

520.309819 Taurodihydrocholestenoic acid 521.317477 2.09E+06 2.91E+05 0.02600 C29H47O5N1S1 

522.325673 Taurocholestenoic acid 523.333126 5.65E+06 1.16E+06 0.01058 C29H49O5N1S1 

536.304750 Taurodioxocholestanoic acid 537.312392 8.13E+06 7.68E+05 0.00397 C29H47O6N1S1 

538.320689 Taurodihydroxycholestenoic acid 539.328041 2.31E+07 3.57E+06 0.00457 C29H49O6N1S1 

540.336074 Taurodihydroxycholestanoic acid 541.343691 1.58E+07 3.69E+06 0.00457 C29H51O6N1S1 

552.299690 Taurodihydroxyoxocholestenoic acid 553.307307 1.02E+07 1.54E+06 0.00736 C29H47O7N1S1 

554.315510 Taurodihydroxycholestenoic acid 555.322956 4.06E+07 4.26E+06 0.00372 C29H49O7N1S1 

556.330806 Taurotrihydroxycholestanoic acid 557.338606 2.49E+07 3.79E+06 0.02253 C29H51NO7S 

570.310363 Taurotetrahydroxycholestenoic acid 571.317871 1.19E+07 1.43E+06 0.00774 C29H49O8N1S1 

572.326197 Taurotetrahydroxycholestanoic acid 573.333521 6.63E+06 1.33E+06 0.04102 C29H51O8N1S1 

 Sulfates of C27 Bile acids       

511.273369 Dihydroxycholestenoic acid sulfate 512.280759 1.06E+08 7.57E+07 0.01761 C27H44O7S1 

527.268213 Dihydroxyoxocholestanoic acid sulfate 528.275674 9.67E+08 6.10E+08 0.02956 C27H44O8S1 
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6.2.4 Cecal meta-metabolome analysis based on (-) UPLC-TOF-

MS of C57J and C57N mice after SAFF diet 

Table 26 Metabolites affected between C57J and C57N mice after SAFF diet derived from (-) 

UPLC-TOF MS analysis 

Mass 

(avg.) 

Retention time in 

min. 

Compound Name Monoisotopic 

mass 

MEAN SAFF 

C57J 

MEAN 

SAFF C57N 

p-value Molecular 

formula 

301.14496 10.68 Enterodiol 302.151801 5.95E+03 1.18E+03 0.00060 C18H22O4 

383.19834 10.02 Diphloretoylputrescine 384.204897 8.14E+03 4.30E+02 0.00072 C22H28N2O4 

365.23329 12.35 Urocortisol 366.240611 1.18E+04 5.41E+04 0.01758 C21H34O5 

333.28036 19.06 Docosatrienoic acid (C22:3) 334.287165 1.94E+03 7.82E+03 0.02951 C22H38O2 

538.31997 17.16 Taurodihydroxycholestenoic acid 539.328041 4.99E+03 1.43E+03 0.00556 C29H49O6N1S1 

299.20193 17.51 Retinoic Acid  300.208919 9.66E+03 3.25E+03 0.00242 C20H28O2 

297.11335 11.2 Enterolactone 298.120503 9.00E+04 3.12E+04 0.00458 C18H18O4 

591.31919 10.91 I-Urobilinogen 592.326068 9.76E+04 1.93E+05 0.02101 C33H44N4O6 

589.30371 10.75 D-Urobilinogen 590.310419 1.72E+04 5.74E+04 0.01761 C33H42N4O6 

512.26924 12.88 Sulfolithocholylglycine  513.276009 4.54E+04 1.36E+04 0.00562 C26H43NO7S 

464.30541 15 Glycocholic acid 465.309022 3.46E+03 7.31E+02 0.01647 C26H43NO6 

510.25527 12.58 Taurohydroxydioxocholanoic 

acid 

511.260360 3.68E+03 6.29E+02 0.00339 C26H41O7N1S1 

530.28011 12.19 Taurotetrahydroxycholanoic acid 531.286573 3.36E+03 1.76E+02 0.00264 C26H45O8N1S1 

471.24316 16.26 Sulfodeoxycholic acid 472.246091 1.72E+05 1.50E+04 0.00686 C27H36O7 

514.28419 12.99 Taurocholic acid 515.291658 2.60E+06 3.71E+05 0.00155 C26H45NO7S 

496.27492 14.31 Taurohydroxyoxocholanoic acid 497.281094 1.33E+04 4.29E+03 0.00835 C26H43O6N1S1 

594.2426 14.15 Taurocholic acid sulfate 595.248475 3.05E+04 1.06E+03 0.01807 C26H45NO10S2 

 



 

 

Table 27 Diet specific alterations between SAFF, LARD and SD fed C57J and C57N mice 

Mass (avg.) Compound Name Monoisotopic mass Mean (n=53) ANOVA p-value Molecular Formula 

241.217339 Pentadecanoic acid 242.224568 4.76E+08 7.20640E-03 C15H30O2 

255.232971 Palmitic acid 256.2402172 4.11E+09 1.47061E-06 C16H32O2 

269.24867 Margaric acid (C17:0) 270.2558664 4.25E+08 2.98441E-06 C17H34O2 

281.13936 Unknown 282.1467162 5.73E+08 5.76977E-07 C15H22O5 

283.264138 Stearic acid 284.2715156 1.25E+10 3.77708E-09 C18H36O2 

297.113129 Enterolactone 298.1205028 5.25E+08 6.08204E-03 C18H18O4 

297.279888 Nonadecanoic acid 298.2871648 2.82E+08 1.25164E-03 C19H38O2 

309.279791 Icosenoic acid 310.2871648 2.69E+09 1.42644E-03 C20H38O2 

311.295613 Icosanoic acid 312.302814 1.24E+09 3.32692E-05 C20H40O2 

325.311213 Heneicosanoic acid 326.3184632 3.18E+08 1.59703E-04 C21H42O2 

329.248637 Docosapentaenoic acid 330.2558664 6.34E+08 4.84606E-04 C22H34O2 

336.327191 Docosenamide 337.3344468 5.62E+08 1.19747E-03 C22H43O1N1 

337.311146 Docosenoic acid 338.3184632 1.33E+09 4.12928E-07 C22H42O2 

349.202011 TrihydroxyEPA 350.209313 5.40E+08 7.28204E-03 C20H30O5 

351.21769 OH-LTB4 352.2249622 3.84E+08 1.86971E-02 C20H32O5 

359.189777 Sulfolinoleic acid 360.1970342 2.42E+08 4.26401E-07 C18H32O5S1 

365.196972 COOH-LTB4 366.204228 2.62E+08 7.31956E-03 C20H30O6 

365.233356 Urocortisol 366.2406114 3.96E+08 3.98576E-03 C21H34O5 

365.342439 Nervonic acid 366.3497616 4.34E+08 2.19582E-09 C24H46O2 

375.29046 Lithocholic acid 376.297729 8.30E+08 1.04025E-06 C24H40O3 

381.228178 Unknown 382.2355264 5.82E+08 8.62819E-03 C21H34O6 

381.337413 Hydroxytetracosenoic acid 382.3446766 5.06E+08 2.76702E-03 C24H46O3 

383.353082 Hydroxytetracosanoic acid 384.3603258 2.41E+08 1.32661E-02 C24H48O3 

389.269698 Ketodeoxycholic acid 390.2769948 1.28E+09 5.80113E-03 C24H38O4 

391.285157 Deoxycholic acid 392.292644 9.71E+09 9.20414E-04 C24H40O4 

421.259526 Trihydroxyoxocholanoic acid 422.2668248 2.39E+08 2.97215E-02 C24H38O6 

429.373694 Vitamin E 430.38106 7.57E+08 6.81139E-06 C29H50O2 

445.368713 Hydroxyl Vitamin E 446.375975 6.21E+08 2.68407E-08 C29H50O3 

455.316581 Unknown 456.3239424 5.17E+08 1.11022E-16 C29H44O4 

461.363466 Unknown 462.37089 3.96E+08 8.26725E-10 C29H50O4 

465.303966 Cholesterol sulfate 466.3116636 1.13E+10 2.15270E-07 C27H46O4S1 

471.24211 Sulfodeoxycholic acid 472.249461 3.73E+08 3.40338E-04 C24H40O7S1 

471.311515 Unknown 472.3188574 1.11E+09 1.55431E-15 C29H44O5 

479.319867 Unknown 480.3273128 3.29E+08 1.88592E-08 C28H48O4S1 

485.221348 Oxocholic acid sulfate 486.2287268 2.48E+09 1.01074E-10 C24H38O8S1 

485.290813 Unknown 486.2981232 2.29E+08 1.55431E-15 C29H42O6 

487.233767 Unknown 488.2410056 8.86E+08 1.08287E-09 C27H36O8 

487.236698 Sulfocholic acid 488.244376 1.28E+10 1.48034E-09 C24H40O8S1 

493.335481 Unknown 494.342962 3.16E+08 2.55063E-05 C29H50O4S1 

499.306195 Unknown 500.3137724 2.55E+08 <1.110223E-16 C30H44O6 

501.32199 Unknown 502.3294216 3.23E+08 1.11022E-15 C30H46O6 

527.268213 Dihydroxyoxocholestanoic acid sulfate 528.2756744 7.55E+08 2.56287E-08 C27H44O8S1 

529.28378 Unknown 530.2913236 6.80E+08 1.46337E-06 C27H46O8S1 

531.299656 Cyprinolsulfate  532.3069728 2.48E+08 5.26366E-07 C27H48O8S1 

557.457339 Unknown 558.4647852 2.23E+08 1.94756E-03 C36H62O4 

574.4507 Unknown 575.45832 6.91E+08 4.06581E-05 C32H65O5N1S1 

589.450802 Unknown 590.4579856 3.51E+08 3.53817E-06 C33H66O6S1 

591.318793 I-Urobilinogen 592.3260684 3.59E+08 6.54881E-03 C33H44N4O6 

593.334357 L-Urobilin 594.3417176 5.81E+08 6.43153E-04 C33H46N4O6 

602.482356 Unknown 603.4896184 3.22E+08 5.41655E-03 C34H69O5N1S1 
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6.3 Parameters 

6.3.1 FT-ICR-MS conditions 

  (-) FT-ICR-MS (+) FT-ICR-MS 

Type 2 Diabetes study     

Flow rate µL/min 2 2 

Mass range in Da 122.9-1000 147.4-2000 

Time of flight in sec 0.5 0.5 

Ion accumulation time in sec 0.3 0.1 

Acquired scans 500 300 

Capillary voltage in V 4000 3700 

Drying gas flow rate in L/min 4 4 

Drying gas temperature in °C 180 180 

Nebulizer gas flow rate in bar 1 1 

Spray shield in V 500 500 

Time domain in megaword 2 2 

Diet induced obesity in C57J and C57N mice     

Flow rate µL/min 2 2 

Mass range in Da 147.4-1000 73.3-1000 

Time of flight in µsec 0.5 0.5 

Ion accumulation time in msec 0.5 0.5 

Acquired scans 450 300 

Capillary voltage in V 4000 4000 

Drying gas flow rate in L/min 4 4 

Drying gas temperature in °C 180 180 

Nebulizer gas flow rate in bar 1 1 

Spray shield in V 500 500 

Time domain in megaword 2 2 

6.3.2 (-) TOF-MS conditions 

 (-) TOF-MS/MS 

All experiments and studies  

Flow rate mL/min 0.2 

Mass range in Da 50-1200 

Spectrum rate in Hz 5 

Capillary voltage in V 4000 

Drying gas flow rate in L/min 8 

Drying gas temperature in °C 200 

Nebulizer gas flow rate in bar 2 

Spray shield in V 500 

6.3.3 Chemicals 

Used chemicals  

Methanol CHROMASOLV® LC-MS, Sigma-Aldrich, St.Louis, USA 

Acetonitrile CHROMASOLV® LC-MS, Sigma-Aldrich, St.Louis, USA 

Water CHROMASOLV® LC-MS, Sigma-Aldrich, ST.Louis, USA 

Acetone CHROMASOLV® LC-MS, Sigma-Aldrich, ST.Louis, USA 

Formic acid Formic acid 99% ULC/MS, Biosolve BV, Valkenswaard, Netherlands 

Ammonium fluoride ≥98.0% purity, Sigma-Aldrich, St.Louis, USA 

Ammonium acetate Ammonium acetate ULC/MS, Biosolve BV, Valkenswaard, Netherlands 

L-Arginine >98% purity, Sigma-Aldrich, St.Louis, USA 
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