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Abstract  

Four projects were undertaken in the current study to apply, and in some cases develop, 

metabolomic profiling methods based on LC-HRMS for application to different 

human biofluid and tissue samples. 

In the first study concerns the potential of metabolic changes to give an indication of 

physical fitness. Urine samples were collected from ten physically active subjects who 

underwent two cycling exercise trials. Firstly, their aerobic capacity (VO2max) was 

determined and the second was a 45 min submaximal exercise test. One hundred and 

twenty urine samples were collected in total over two days at regular time intervals: 

on day 1 where there was no exercise intervention; on day 2 where there was an 

exercise session and on day 3 where there was no exercise intervention. The 

metabolites affected by the exercise included a range of purine metabolites and several 

acyl carnitines. Some metabolites including bile acids and several amino acids were 

subject to diurnal variation during the rest day (day 1). Using OPLS modelling it 

proved possible to identify a single abundant urinary metabolite provisionally 

identified as oxo-aminohexanoic acid (OHA) as being strongly correlated with 

VO2max. 

Secondly, metabolomic profiling was carried out on 53 post-mortem brain samples 

from subjects diagnosed with schizophrenia (S), depression (D), bipolar (B), diabetes 

(Di) and controls (C) in order determine whether or not there were clear metabolites 

distinguishing these conditions. The most important metabolites producing 

discrimination were the lipophilic amino acids leucine/isoleucine, proline, methionine, 

phenylalanine, and tyrosine; the neurotransmitters gamma-aminobutyric acid (GABA) 
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and N-acetyl aspartyl glutamate (NAAG) and sugar metabolites sorbitol, gluconic 

acid, xylitol, ribitol, arabinotol, and erythritol. For the determination of the sugar 

polyols it was necessary to develop and new GC-MS method. There appears some 

commonality between metabolic perturbations resulting from diabetes and from SDB. 

This study concluded that the changes in sugar alcohol levels which were quantified 

in physiological fluids confirm the metabolic similarity between mental illness and 

diabetes.  This leads to the question regarding whether or not antidiabetic drugs might 

have a role in treating mental illness? 

In a third project a reductive amination method was used in combination with 

hydrophilic interaction liquid chromatography and high resolution mass spectrometry 

to analyse the sugars in post-mortem human brain. The samples were collected from 

six control brain samples and eighteen samples from individuals who had suffered 

from schizophrenia, depression and bipolar (SDB) disorder. This method was applied 

to confirm the important role of sugar metabolism through evaluation of relation 

between the changes in sugar levels and psychiatric. The best separation and 

quantification of the common hexoses (glucose, fructose, mannose and galactose) by 

this method was achieved when 2H5-aniline was used as a tagging agent. Additionally, 

it succeeded in tagging a range of other sugars including pentoses (ribose and xylose) 

and sugar derivatives (N-acetylneuraminic acid and glucuronic acid). The results 

highlighted a relationship between the increases in the levels of sugars and psychiatric 

disorders (SDB). This relation which matched with other studies once again supported 

our results project 2 suggesting that in that sugar metabolism has an important role in 

distinguishing the control and SDB brains. 
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Oxidised fatty acids have such as oxylipins and prostaglandins have profound effects 

on human physiology and are present a low levels in biological fluids. In project 4 a 

novel tagging method for the analysis of oxidised fatty acids was developed. Fatty 

acids give a relatively weak response in negative ion ESI-MS. In untargeted 

metabolomics studies, is important to obtain a good response from molecules of 

interest. A derivatisation method using choline as a tag to put a positive charge on the 

analytes succeeded for the quantification of oxidised fatty acids, especially oxylipins, 

in plasma samples collected from seven participants before and after taking of beetroot 

juice (strong anti-oxidant and a source of nitrate). The current results concluded that 

this derivatisation method  improved the sensitivity and selectivity of LC-MS analysis 

by increasing the response factors for the positively tagged oxidised fatty acids by 

more than 100 times in comparison to those for the untagged compounds in negative 

ion. There was no clear effect of beetroot juice on the levels of oxidised fatty acids in 

plasma.
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Chapter 1  Introduction  

1.1  Metabolism and Metabolites  

Thousands of chemical reactions are performed inside body to keep its cells alive and 

healthy. These chemical reactions occurring within cells are regularly classified under 

set of pathways and are defined as the cellôs metabolism. Thus, Metabolism covers a 

vast set of chemical reactions within organism that enable them to maintain life 

through the breakdown of molecules to product the energy (catabolism) and the 

synthesis of all compounds to build cellular blocks (anabolism). Energy formation is 

one of the vital components of metabolism which is closely linked to nutrition and the 

availability of nutrients. Metabolism significantly reflects the influences of 

endogenous and exogenous factors and their interactions within a biological system. 

In order to understand the interactions between those biological systems and the 

environment, considerable effort has gone into determining the metabolic processes 

associated with the production and breakdown of essential biochemical components 

involved in metabolism (Fell and Cornish-Bowden, 1997).  

During metabolism, there are many of chemical components produced as result of 

these reaction are called metabolites. Metabolites are the biochemical substances 

include organic, inorganic, and elemental species such as carbohydrates, amino and 

fatty acids, vitamins, and lipids as well as inorganic anions and cations that formed as 

intermediates, precursors or changes into metabolism processes. Those substances, 

metabolites, are small simple structures absorbed in a diet and their accumulations 

show the end point of the response of an organism to a stimulus. Generally, 

Metabolites produced from metabolism divided to essential, are called primary 
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metabolites and are necessary for the growth and maintenance of cellular function, and 

non-essential or secondary metabolites, are the end biochemical that produced of the 

essential metabolism and are not required for the growth and maintenance of the 

cellular functions. Primary metabolites such as vitamins, carbohydrates, proteins and 

lipids play the significant role in the cell growth, reproduction and development 

(Djoumbou-Feunang et al., 2019). In metabolomic studies, the complete set of 

metabolites produced by metabolism processes into cells has been defined as 

metabolome. Kell and Oliver (2016) cited that the first use of the term ómetabolomeô 

was by Oliver and his colleagues in 1998 as a term for metabolomic profiling (Kell 

and Oliver, 2016). 

A comprehensive and quantitative analysis of metabolites is important to understand 

the changes in metabolome of the biological system through the comparison between 

diseased and healthy conditions. Metabolomic tools are an essential part of the study 

of all small molecules in biological samples due to the massive number, complexity, 

diversity and dynamic concentration of metabolites (Dettmer et al., 2007). The 

metabolome is a major challenge to a metabolomic analysis in the quantitative analysis 

of all metabolites, its understanding of human metabolome will be immensely useful 

in the development and support of the science of metabolomics. Over the past two 

decades, a number of very effective scientific tools have been developed to devote the 

efforts for prediction the essential metabolism products, primary metabolites, without 

non-essential metabolism, secondary metabolites (Beecher, 2003). 
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1.2  Metabolomics  

Metabolomics is the scientific term describing an optimal approach to identify and 

quantify small-molecule metabolites within biological systems (Fiehn, 2002). It is a 

promising method for understanding the dynamics of how living systems deal with 

metabolic changes and offers a new investigative way of studying mechanistic 

biochemistry related to natural processes in health and disease. Global analysis of 

metabolites has been facilitated considerably by the application of recent analytical 

technique developments (Vinaixa et al., 2012). The metabolomic field was described 

by Jeremy Nicholson who defined the metabolomic approach as a holistic profiling 

and analysis method to determine the effective change of metabolites within a 

biological system which occur as a result of many outside conditions such as diet, 

lifestyle and genetic factors (Nicholson et al., 1999). Although fundamental 

metabolomics techniques go back to the 1960s, the term itself formally came into use 

during the first ten years of the twenty-first century. The greater efficacy of mass 

spectrometry and nuclear magnetic resonance techniques in data extraction and 

manipulation techniques has led to an increased number of publications on the subject 

(Ellis et al., 2007). 

Generally, metabolomics can be classified as two discrete strategies: (a) targeted 

metabolomics, i.e. as a result of a specific biochemical question or hypothesis with a 

defined set of metabolites related to one or more pathways, or (b) untargeted 

metabolomics which  uses an unbiased approach which attempts to assign as many 

compounds or metabolites as possible by either analytical identification or ideally, by 

achieving high confidence levels in identification by utilising reference standards, 

(Patti et al., 2012). Information on biochemical processes which are obtained from 
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changes in metabolites can provide details on specific pathways which may relate to 

disease processes. Thus, the applications of metabolomics have the most important 

role in the quantification of known metabolites and the identification of new 

metabolites as biomarkers to predict and diagnose diseases. Biomarkers in biomedical 

research related to the discovery of biological molecules in a variety body fluids which 

can be used as tools to improve diagnosis of disease and understand its pathological 

mechanisms.  The National Institutes of Health Biomarker Definitions Working group 

and the World Health Organization defined a biomarker as: ña characteristic that is 

objectively measured and evaluated as an indicator of normal biological processes, 

pathogenic processes, or pharmacologic responses to a therapeutic interventionò 

(Biomarkers Definitions Working, 2001) and ñalmost any measurement reflecting an 

interaction between a biological system and a potential hazard, which may be 

chemical, physical or biological. The response may be functional and physiological, 

biochemical at the cellular level, or a molecular interactionò (WHO, 1993), 

respectively. 

Quantifiable biomolecules characteristic of biological processes, biomarkers, are used 

as clinical and diagnostic tools for a normal physiological state or changes in an 

individual in relation to a pathophysiological process or a treatment. Biomarkers can 

be (a) proteins indicating cellular and enzymatic changes, or (b) small biological 

molecules (metabolites) which highlight physiological endpoints, which help in 

disease management with reference to the early detection of disease, disease process 

markers, monitoring of drug response and therapeutic intervention, and outcome 

measurement. 
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The search for biomarkers in the untargeted biochemical profiling of metabolites, 

basically depends on powerful analytical techniques for separation such as 

chromatographic methods and identification of the greatest number of endogenous 

compounds possible by mass spectrometry as the method of choice. Significantly, it is 

possible to use the same equipment in peak generation and structure determination, as 

the coupling of mass spectrometers (MS/MS) allows a fragmentation of the 

metabolites, with subsequent structure elucidation, whereby the qualification of the 

biomarker may involve established methods different from the analytical technique 

used to discover it. 

 

1.2.1    Targeted Metabolomic s 

The functional understanding of many biochemical pathways is utilised in one of the 

approaches to metabolomics, usually known as targeted metabolomics. It is the 

identification and quantification of defined sets of structurally known and 

biochemically annotated metabolites which provide an invaluable source of 

background information facilitating evidence-based interpretation of metabolomics 

data sets results from so many biochemical pathways having been explored in 

considerable detail. It has been possible to elucidate most of these pathways, substrates 

and products of enzymatic reactions, reaction mechanisms, equilibria and kinetics of 

these reactions, as well as cofactors or compartmentalisation. Thanks to this 

information, instant functional interpretation of the data set and, thus, analysed cell or 

organism phenotyping, a straightforward process, is facilitated (Lundin et al., 2011).  

Quantitative information which is generally provided by targeted metabolomics 

constitutes a further significant advantage for this approach. An immediate 
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understanding of any alterations between different biological states, the molar 

concentrations of the metabolites involved in a pathway, and for comparison and meta-

analysis of several independent studies is made possible by such quantitative data. 

Through the use of targeted metabolomics a wide range of relevant molecule classes 

in cells, tissues, or clinically relevant fluids can be systematically quantified. An 

automated sample preparation workflow in conjunction with sensitive mass 

spectrometric methods and a customised software solution are the components of the 

technology, which is a novel platform facilitating the identification and quantification 

of many hundreds of metabolites. It is also well suited where high-throughput and 

routine applications are concerned. There are certain similarities between targeted 

metabolomics and conventional multiplexed bioanalytical assays through analytes 

which have been previously selected, based on the underpinnings of known biology 

and chemistry, are measured. (Enot et al., 2011). 

 

1.2.2  Untargeted Metabolomic s 
 

Untargeted metabolomics applications represent the main method for improving 

biomedical research by providing potential chemical biomarkers in clinical practice. 

The effective and reliable results of the untargeted metabolomic approach can be 

obtained by various analytical techniques. These techniques included nuclear magnetic 

resonance spectroscopy (NMR) (Bharti and Roy, 2014) and mass spectrometry (MS) 

which can be used alone or in conjunction with one of a number of different separation 

techniques such as liquid chromatography (LC), gas chromatography (GC) and 

capillary electrophoresis (CE) (Pham-Tuan et al., 2003, Plumb et al., 2002).  
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The wide variation in the physicochemical properties and abundance of the metabolites 

in a biological sample renders untargeted metabolite profiling a major challenge in 

metabolomics. The inaccessibility of purified standards has seriously hindered the 

identification and quantification of a large proportion of unknown metabolites in 

complex biological samples by metabolomics. Mass-to-charge ratio (m/z), retention 

time (RT), fragmentation patterns, using standards and databases, are generally 

determining factors in metabolite identification or confirmation (Patti, 2011). Thus, 

the quantification and identification of metabolites still presents significant challenges 

to determine metabolic changes related to genetic differences, environmental 

influences and disease or drug perturbations. Maximum coverage of classes of 

compounds in conjunction with relatively high throughput is facilitated by means of 

the analytical methodology. The analytical methodology is employed and all 

endogenous metabolite related features, characterised by their m/z and RT, are 

included in a subsequent multivariate analysis procedure used to study metabolic 

differences between the different groups of samples and to identify putative 

biomarkers (Dunn et al., 2011). 

 

1.3  Metabolomic s in Biomedical Research  

Metabolomics studies have provided new and complementary insights in biomedical 

research and for developing a better understanding for many diseases related to 

metabolic disorders. The main goals of metabolomics is the assessment of biochemical 

products of metabolism, metabolites, in proportion to the phenotypic and 

biocompatible activity of the organism.  
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1.3.1  Potential appl ications of Metabolomics  

Applications of metabolomics can be found in a huge diversity of research fields, 

including environmental perturbations of biological systems and toxicology. 

Metabolomics is recently being applied as the well-established procedure of human 

screening in biomarker and diagnostics research. Biomarkers are measurable 

biological indicators that can be used for instance in clinical screenings to stratify 

patients according to the characteristics of their phenotype (Serkova et al., 2011). 

There is a widespread range of potential applications of metabolomics in the areas of 

biomedical research such as pharmaceutical and clinical diagnostics. The diagnostic 

potential of metabolomics is not confined to typical metabolic disorders, but rather 

extends into fields such as cancer (Osl et al., 2008) and neurologic disorders (Urban et 

al., 2010). Metabolomics can also be applied in drug development where it is used to 

uncover new drug targets, prioritize lead compounds and assess drug toxicity, enabling 

the development of novel, smarter and safer drugs (Weinberger and Graber, 2005). In 

addition, metabolomics has the possibility to identify individuals likely to benefit from 

a given therapy, minimizing the risk of side effects and avoiding unnecessary drug use.  

Biochemical approaches typically focused on a very limited amount of metabolites 

keeping the results manually interpretable by the researchers. However, being a very 

active field of research, metabolomics has made rapid progress nowadays allowing 

modern instrumentation to measure thousands of metabolites simultaneously. This 

growing complexity of high throughput small molecule measurements now constitutes 

a substantial challenge to the researchers (Bhattacharya et al., 1995, Tweeddale et al., 

1998). Changes in the metabolite concentrations, determined by a different 

metabolomic strategies, reflect changeable in health and the response to external and 
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internal influences on the metabolomic profile. Metabolic dysfunctions are directly 

related to the risk of developing many diseases such as cardiovascular disease, kidney 

disorders, type 2 diabetes and psychiatric illnesses (Malik et al., 2010, Felizola, 2015, 

Kaur, 2014). Metabolic disorders involve abnormal biochemical reactions in living 

organisms and the biomolecular damage caused by the accumulation of oxidant 

products, and reactive species. It is not only very well suited for biomarker discovery 

in different diseases, metabolomics is also important to explain the pathophysiological 

effects behind the disease, e.g., inhibition of or upregulation of an enzyme in a specific 

pathway (Bartel et al., 2013). Many researches have suggested that biomolecular 

conditions such as oxidative stress and the abnormality in fatty acids, amino acids and 

sugars metabolism are considered to be the most common factors associated with 

development of metabolic abnormalities (Di Marzo et al., 1994, Fukuchi et al., 2004, 

Kelley et al., 2017, Newgard et al., 2009). On the other hand, the metabolic phenotype 

may be affected by physiologically relevant factors including dietary modifications 

and regular physical activity and lifestyle changes, which have the potential benefits 

in treatment of metabolic disturbances (Pitsavos et al., 2006, Lenz et al., 2004). Also, 

ultraviolet radiation derived from sunlight exposure may be one of natural effects 

which can stimulate or inhibit the biosynthesis of biologically active molecules (Park 

et al., 2014). 
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1.3.2  The Pathological Factors Effect s on Metabolic Phenotype  

Dysregulation in metabolic processes may be evolved by abnormal chemical reactions 

or deviation of metabolic pathways and produce the cumulative damage for the 

etiology of many pathological conditions and diseases. Some of the pathological 

factors which can be causes the metabolic disorders are: 

 

1.3.2.1 Oxidative Stress 

Oxidative stress is a condition in which more oxidants are produced than can be 

scavenged and this leads to an imbalance in the oxidant-antioxidant equilibrium in a 

biological system. Persistent oxidative stress causes harm to cellular structures 

including nucleic acids, lipids and proteins resulting in oxidative damage. An 

imbalance between the oxidants and antioxidants is exacerbated by an increase in free 

radical generation. A radical can be defined as óreactive chemical species possessing 

an unpaired electron and can be considered as fragments of molecules and which are 

generally very reactiveô (Sies, 1997). Highly reactive oxygen and nitrogen species, 

ROS and RNS, and free radicals derived from them, such as the superoxide anion, the 

hydroxyl radical, and nitric oxide, can impair key enzymes and biomolecules in cells. 

However, oxidative stress and mitochondria dysfunction have been implicated in 

various pathological conditions in humans and may lead to disturbances in many 

metabolic pathways (Lobo et al., 2010). The inferences of oxidative stress on 

metabolism have been shown in many biological studies which focused on their effects 

on metabolism in biological disorders. In addition, to contributing to oxidative damage 

in metabolism disorders in the pathophysiology of these diseases, oxidative status may 

also influence metabolism dysregulation during various physiological functions such 
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as nutrition, exercise and exposure to sunlight. Recently, metabolome analysis has 

been used to discover metabolite biomarkers for many diseases in human biological 

samples and contributed to understanding the link between oxidative dysfunction and 

metabolism (Bridi et al., 2003, Celi and Gabai, 2015). 

 

1.3.2.2 Fatty Acid Dysregulation 

A fatty acid is a biological molecule consisting of various hydrocarbon attached to a 

carboxylic acid, carboxylic acid is an organic acid containing COOH as functional 

group. Aliphatic monocarboxylic acids are derived from or contained in esterified form 

in an animal or vegetable fat, oil or wax. Natural fatty acids commonly have a chain 

of 4 to 28 carbons (usually unbranched and even-numbered), which may be saturated 

or unsaturated (Moss et al., 1995). The major source of essential fatty acids, which 

cannot be produced in the body, can be found with various concentrations in many 

different food types. Fatty acids play an important role in energy metabolism because 

they are a major dietary source of fuel and energy storage to provide adequate 

quantities of adenosine triphosphate (ATP), is a high-energy molecule found in every 

cell, when glucose is not available for this purpose (Schönfeld and Wojtczak, 2016). 

The toxicity of fatty acids and derivatives caused by their accumulation may be related 

to mitochondrial dysfunction and worsening of metabolic decompensation. In fatty 

acid oxidation defects, many metabolite changes have been reported as a result of the 

toxicity of the accumulation of long-chain fatty acids, aliphatic tails of 13 to 21 

carbons, in high concentrations (Wajner and Amaral, 2016). Previous studies indicated 

that dysregulation of fatty acid metabolism has been detected in the pathophysiology 

of many diseases. Thus, understanding metabolomic changes may contribute to the 
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assessment of impaired fatty acid or amino acid metabolism in different health 

conditions as a result of environmental factors such as nutrition, exercise and light. 

 

1.3.2.3 Amino Acid Dysregulation 

An amino acid is any biological molecule consisting of a carbon atom bonded to two 

fixed functional groups, the basic amino group (the substituent -NH2) and the acidic 

carboxylic group (the substituent -COOH), as well as a hydrogen atom (H) and an 

organic side-chain group (R), which is a specific group related to the name of the 

amino acid. The primary use of amino acids is as the building blocks of polypeptides 

and proteins and the participation in the synthesis of other nitrogenous substances 

(Vickery and Schmidt, 1931). Not all amino acids can be synthesised by the body, 

therefore a good diet is considered a major source for essential amino acids. Amino 

acids are necessary compounds in many biological activities in an organism such as 

neurotransmission, nutritional influences on physiology and lipid transport and have 

important roles in energy metabolism and the regulation of metabolic pathways in 

cells. The essential roles of amino acids in metabolism and the proteome encouraged 

researchers to use metabolomic tools to provide a better understanding of the amino 

acid pathways and metabolic responses of living systems to external or internal 

perturbations (Gu et al., 2015). 

 

1.3.2.4 Dysregulation of Sugar Metabolism 

Carbohydrates, are biological molecules consisting of three types of atoms including 

carbon (C), hydrogen (H) and oxygen (O) with a formula Cm(H2O)n, where n=m only 
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in the fundamental units of carbohydrates. Generally, saccharides are divided into 

three main groups including sugars (monosaccharides, disaccharides and polyols), 

oligosaccharides and polysaccharides. Monosaccharides, or simple sugars, are 

relatively small molecules having the empirical formula CnH2nOn and are the most 

basic units which can be further linked together to build other large carbohydrates 

(Moss et al., 1995). Sugars are soluble carbohydrates and are classified into groups 

based on a number of carbon atoms as in common compounds such as hexose groups 

(C6H12O6), e.g. glucose, fructose, mannose and galactose, and pentose groups 

(C5H10O5), e.g. ribose, xylose and arabinose. Saccharides are an important source of 

energy for the bodyôs cells as well as having major roles in many human systems and 

vital processes such as the immune system, fertilization, homeostasis, blood clotting, 

brain functions and metabolism. Metabolism of sugars and their derivatives such as 

sugar alcohols and sugar acids, is of major interest in metabolomics studies. It became 

apparent that sugar metabolism had an important role in brain function where the 

prevalence of metabolic syndrome has been observed in patients diagnosed with 

mental illness (Newcomer, 2007).  

 

1.3.3  The Physiological Factors Relevant to the Metabolic Phenotype  

In addition to pathological factors, it is thought that the metabolic phenotype may be 

influenced by many physiological and environmental factors such as lifestyle 

modifications and the exposure to sunlight. Previous studies suggested that nutrient 

stimuli and physical activity had clear effects on a number of metabolic pathways and 

influence health through reducing or increasing the risk of diseases. Pitsavos and his 

colleagues in their review have summarised the effects of lifestyle modifications such 
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as following a more active lifestyle and dietary modifications on the development of 

metabolic dysregulation (Pitsavos et al., 2006).  

The modern lifestyle and regular exercise may positively impact on human health or 

may be the cause of disability and disorders such as mental illness, hormonal disorders, 

inflammation and oxidative stress (Jacka et al., 2012). Also, the effects of ultraviolet 

radiation resulting from sunlight exposure, as one of the environmental factors, were 

identified on the metabolic pathways for various metabolites in a given biological 

sample (biofluid, tissue, cells). According to Matusôs minireview, several 

metabolomic studies were conducted on wide types of plants in order to detect the 

impacts of ultraviolet radiation on metabolic processes (Matus, 2016).  

  

1.4  Metabolomic Approaches Workflow  

Practically, metabolomic profiling strategies are performed by three main processes 

including data acquisition, data processing and data analysis and interpretation to 

obtain tangible and reliable outcomes. With the advancement in analytical techniques, 

the detection of thousands of metabolites from biological samples is one of the 

challenges in untargeted phenotyping. Obtaining the best analytical results in 

untargeted metabolomics can be achieved by applying an integrated metabolomic 

workflow as shown in Figure 1. The optimisation of the metabolomics workflow has 

been managed by the subdivision of main processes into six sub steps including 

selection and preparation of biological samples, analytical methods, metabolites 

identification, data treatment, statistical analysis and validation of data and biomarkers 

(Fukushima and Kusano, 2013). 
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Figure 1-1: The untargeted metabolomic workflow is divided into three major steps which 

include seven sub steps for identification and quantification of metabolites in biological 

samples by LC/MS-based metabolomics. 

 

 

1.4.1  Data Acquisition   

The general workflow of metabolomic analysis is initiated by the acquisition of 

metabolomic data, data acquisition, through the selection and preparation of samples 

and applying of appropriate analytical tools. Metabolomic profiling studies are 

conducted to monitor and reveal the metabolite changes to provide a unique 

metabolomic fingerprint for understanding the complex transitions of metabolic 

pathways. The first and important step in these studies is choosing the type and number 

of biological fluid samples. Due to their properties such as being easily obtained and 

prepared, urine and plasma are the most commonly used biofluids for obtaining a 

metabolic fingerprint. Also brain tissue, cells and other biofluids such as cerebrospinal 
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fluid and saliva have been examined in the study of metabolic perturbations associated 

with different disease states (de Paiva et al., 2014). In addition to the type of biological 

samples, the number of subjects per group, high or low sample size, has an important 

role on the design of study and may lead to a waste of resources or a lack of the 

accuracy for information, respectively. The next step of data acquisition is choosing a 

suitable method of analysis. Thus, the preparation method of the sample will be 

designed depending on the type of samples and the determined analytical tools.  

Analysis and detection in metabolomic studies necessitates picking an optimal 

analytical strategy to obtain a clear metabolite spectrum and reliable data. Many 

analytical and instrument strategies can be used separately or coupled such as mass 

spectrometry, gas chromatography and liquid chromatography to identify the 

biochemical signature of samples, these analytical tools will be described later (section 

1.5). Generally, data acquisition has several problems which the most important of 

them are related to analytical noise changes (van Velzen et al., 2009), a signal intensity 

of metabolite (Shurubor et al., 2005), and sampling variability or systematic drift (van 

der Kloet et al., 2009). Thus, normalisation before analysis, pre-acquisition, or after 

analysis, post-acquisition, and the use of quality control (QC) samples are important 

actions to avoid the abnormalities and deflections which occur in analytical 

measurements (Edmands et al., 2014). After tackling all the unwanted challenges 

which accompany data acquisition, data processing is the next process which is applied 

to preliminary data to extract quantified data and can be handled by analytical tools 

and statistical analysis software. 
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1.4.2  Data Processing  

The data obtained from available analytical tools requires some processing in order to 

facilitate data analysis through extraction of clear information and disposal of 

unwanted effects. Metabolomics technologies can provide large amounts of data in 

different formats to be used in investigation of a thousands of different metabolites. 

Therefore regulation of data and file format conversion from special formats to more 

common formats is the start of the series of processes to be carried out on raw data. 

Depending on the type of the extracted data, data processing may be necessary to avoid 

insufficient correction for background ions, retention time shifts and emergence of 

phantom metabolites (Sugimoto et al., 2012). Figure 1-2 shows the schematic layout 

of data processing which aim to extract biological information from the acquired data. 

Data processing by MZmine will be detailed in section 2-6-1. 

 

 

Figure 1- 2: The schematic layout of the steps of data processing. 
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1.4.2.1 Metabolite Identification  

The starting step of data processing is metabolite identification which aims to identify 

numerous metabolites from mixtures of compounds in biological samples. After data 

acquisition is completed, the results produced from metabolomic analytical tools 

contains hundreds of metabolites which have great variability in their biochemical 

structures and concentrations. Metabolite identification is one of the most important 

and more difficult steps in metabolomics studies based on NMR, GC-MS and LC-MS 

techniques (Moco et al., 2007). The raw data extracted from deferent metabolomic 

approaches, GC-MS and LC-MS, should be handled by several metabolomic 

commercial or non-commercial software, such as SIEVE (Thermo Fisher, Germany) 

and MZmine 2 software, to provide methods for differential analysis. M/Zmine 

software can be applied to assign the huge quantities of intermediate organic 

compounds or metabolites and is suitable to be utilised in both targeted and untargeted 

LC-MS-based metabolomic data (Katajamaa and Oreġiļ, 2005). Untargeted 

metabolomics, especially through its use of LC/MS-based methods, is comprehensive 

in scope and outputs complex data sets and can routinely detect thousands of so called 

metabolites, based on their features such as peaks corresponding to individual ions 

with a unique m/z and RT, in biological samples. Furthermore, each m/z and RT 

feature in the dataset is associated with an intensity value (or area under the peak), 

indicating its relative abundance in the sample. Overall, this complexity imposes the 

implementation of metabolomic software such as XCMS (Smith et al., 2006), MZmine  

(Katajamaa and Oreġiļ, 2005) or Metalign (Lommen, 2009) capable of providing 

automatic methods for peak picking, RT alignment and for correcting experimental 

drifts in instrumentation, and relative quantification. 
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In metabolomics analysis, the Metabolomics Standards Initiative (MSI) can be used to 

identify the metabolites according to the information provided for the compound 

characterization within four different levels of MSI as described by Sumner and his 

colleagues (Sumner et al., 2007). Compounds identified by level 1 (MSI1) are a 

minimum of two independent and orthogonal types of data relative to an authentic 

compound analysed under identical experimental conditions. Level 2 (MSI2) is used 

to identify putatively annotated compounds, without chemical reference standards, 

based on physicochemical properties and/or spectral similarity with public or 

commercial spectral libraries. Putatively characterized compound classes, level 3 

(MSI3), are the identification of compounds based on characteristic physicochemical 

properties of a chemical class of compounds, or by spectral similarity to known 

compounds of a chemical class. Finally, there are unidentified or unclassified 

metabolites, unknown compounds, cannot be covered by previous three levels (MSI 

1-3). Level 4 (MSI4) can be employed to classify these compounds according to 

spectral data then enabling relative quantification (Sumner et al., 2007). In 

metabolomics studies, according to MSI levels, metabolites can be identified based on 

their exact mass, chemical formula, structure, and possible adducts facilitating their 

prediction based on mass tolerance, head group, and precursor ions of MS data. These 

information for metabolites are provided by various database sets compatible the 

instrumentation used in the metabolomics experiments (Dunn et al., 2011). The output 

from data extraction in current study will be matched according to MSI levels 1 or 2 

to identify the metabolites. 
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1.4.2.2 Data Treatment  

Raw data collected from metabolomics analytical techniques are analysed by 

appropriated software to identify and quantify the metabolites depending on their mass 

to charge ratio and retention time. During data treatment, the resulting data are 

processed by many statistical steps to resolve analytical variation from sample 

preparation and instrumental drifts. Also, abnormalities in the data which were 

previously detected such as the effect of missing values and the effect of noise may be 

needed to handle. The ideal method of data treatment to provide the robust and quality 

of outcomes in untargeted metabolomic studies can be achieved by using QC samples. 

 

1.4.2.2.1 Missing Values 

Data produced from the metabolite identification step should be treated to reduce the 

deviations and unwanted values in metabolomics data caused by biological and/or 

technical causes. A major deviation in updated data is zero values which appear in the 

variable matrix and it would give a misleading result and are called missing values. 

Missing values may occur as a result of many causes either the metabolite appears in 

one sample but not in others, or the limit of detection for the analytical method exceeds 

the concentration of metabolite in sample, or the used metabolomicsô software may 

identify some metabolites which are not detected (Hrydziuszko and Viant, 2012).  

Gromski and his colleagues reported that the missing values can be replaced either 

with the half of the minimum peak intensity, small values (SV), or mean of all 

intensities, mean (MN), or median (MD) of all intensities or K-nearest neighbour 

imputation (KNN), which is the mean of the nearest 10 non-missing values. Another 

approach solves these effects by generation of an adjacent matrix as a source of 
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iterative imputation of missing values through applied Random Forest Imputation (RF) 

approach (Gromski et al., 2014).  

 

1.4.2.2.2 Normalisation 

The analysis of metabolomics data is plagued with different limitations which may 

prevent the achievement of the main aims of the metabolomics study. The major 

challenge in metabolomics experiments is systematic variabilities related to biological 

differences, caused by experimental and environmental factors, and technical 

deviations, produced by instability in samples and instrument conditions. For 

systematic variations removal, the selection of the ideal normalisation technique is 

related to the variability of the instrument as well as the type of analysed sample and 

its content. The differences in contents of samples such as the variations of protein 

content in urine in comparison to plasma or other samples, tissue, cell, sweat and 

saliva, and the variations of volume, strength and density of these samples may 

generate doubts in the metabolomic output. Thus, this variance may lead to the use of 

several indicators such as protein content, cell count, osmolality, and creatinine (Wu 

and Li, 2016). In addition to the type of sample analysed and its content, specific 

normalisation techniques to remove systematic variations may be influenced by many 

other co-factors which should be observed such as gender, age, stress, disease, training 

modality, diet and ethnicity. The normalisation of systematic changes can be 

performed internally by using internal standards, which is a common practice and these 

should be stable compounds that are not present in biological matrices, or externally 

via addition a pooled sample to the run sequence as QC. The use of QC sample in the 

external normalisation as a representative of the samples is necessary in order to 
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monitor progress within and between batches as well as instrument drift. Despite the 

internal and external normalisation may possess the capability to overcome the 

variations in practical aspects, biological and technical deviations, but normalisation 

of obtained data after these normalisation methods is required to gain the ideal 

metabolic fingerprinting (Warrack et al., 2009). 

Data normalisation is a successful strategy to remove the effects of systematic 

variability on the full spectral data and to eliminate the variances in concentrations 

between the observations in order to ensure that samples are comparable. Ejigu and 

his team reported that there are seven approaches of data normalisation that can be 

applied in eliminating outliers or variability removal including the normalisation by: 

(1) linear baseline, the median intensity of each metabolite for all runs is calculated to 

construct the baseline in this normalisation method; (2) sum or analogous to total ion 

count, It is applied through the sums of the intensities for each experimental run are 

forced to be equal to one another. Due to the arithmetic means and median of the runs 

are equated, this method is not similar to the normalisation by the mean and by the 

median; (3) median (middle value when data is ranked into ascending order); (4) 

cyclic-Loess, non-linear local regression is used to fit the normalization curve in this 

method; (5) quantile, the data must have the same distribution to be normalised in this 

approach which could be done by projecting the original data onto a unit diagonal 

vector; (6) probabilistic quotient, Instead of the median value of a particular metabolite 

across different experimental run as applied in linear baseline normalization, this 

method is applied to normalise the data based on the construction of the reference 

metabolite (baseline) by taking the median intensity value at each experimental run; 

and (7) cubic-spline, this method was explained by Ejigu and his colleagues as 
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following ñThis normalization method assumes the existence of non-linear 

relationships between a baseline and each experimental runs. In this work, the baseline 

experimental run is built by computing the geometric mean of the intensities of each 

metabolite over all experimental runs. To get the normalization curve, cubic splines 

are fitted between each run and the baseline. In order to fit a smooth cubic spline, a set 

of evenly distributed quantiles are taken from both the baseline experimental run and 

the experimental runsôô (Ejigu et al., 2013).  

 

1.4.3  Data Analysis  

A comprehensive covering for metabolomics workflow starting from data acquisition 

and data processing is an essential tool prior to biological interpretation. The extracted 

results of metabolites identification and data treatment steps are handed to new stage 

of metabolomic workflow called data analysis or biological interpretation which is 

divided to database search and biomarker validation. Biological interpretation is the 

way to manage the structure of data to describe the information obtained from wide 

range of qualitative data through matching these data with standard data network. This 

standard data network has been structured to provide an abundance of the information 

about metabolite features (Steuer, 2006). 

 

1.4.3.1 Statistical Analysis 

During the data analysis process, normalised data are analysed by using appropriate 

statistical approaches to evaluate significant observations obtained from the data (Issaq 

et al., 2009). Statistical analysis in metabolomics can be applied by using different 
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statistical and bioinformatics software either commercial (e.g., Agilent MassHunter, 

Waters ProGenesis QI, ABSciex XCMSPlus) or freely available (i.g. Excel, 

MetaboAnalyst and SIMCA) designed to uncover the homogeneity in variables and 

approximate linear dependencies among them. Visualisation and interpretation of a 

metabolomic change is challenging and needs a robust statistical approach to 

accurately assess the data differences. Statistical platforms for metabolomics data 

involves two approaches which are univariate and multivariate analysis (Bartel et al., 

2013). 

 

1.4.3.1.1 Univariate Analysis 

There are many variables produced in the metabolomics data which should be 

examined to find the relationship between the metabolomic changes and either internal 

or external challenges to the biological system. Statistical analysis of variables using 

univariate analysis is the easiest method to analyse variables and may be designated as 

a deductive or descriptive approach. Univariate analysis has been used for dealing with 

one variable to determine significant differences in metabolite concentration between 

two or more groups. In this statistical approach, paired t-test (p-value), fold changes 

(ratio) and one or two-way ANOVA have been calculated in order to investigate 

appropriate significant metabolites through reducing a lot of interrelated analytes. 

Contrary to multivariate analysis, univariate analysis is not related to causal 

relationships such as outlier variables and regression analysis and it may fail in 

acquiring understanding of biological changes (Bartel et al., 2013). Univariate analysis 

also generally assumes normal distribution of the variables unless non-parametric 

methods are used. 
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1.4.3.1.2 Multivariate Analysis 

Extensive data collection and analysis is possible by employing global metabolic 

analysis methods to determine the critical features of for the biological components. 

For this purpose, univariate analysis should be followed by the most common steps of 

multivariate analysis. Advances in a metabolic statistical methods by the use of 

multivariate analysis has allowed unparalleled biomarker detection and may offer a 

variety of novel biomarkers. The most commonly used analytical methods for the 

applying of multivariate analysis the unsupervised technique, principal component 

analysis (PCA),  and supervised techniques which include partial least squares 

projection (PLS) or orthogonal partial least squares projection (Worley and Powers, 

2013). 

 

1.4.3.1.2.1 Unsupervised Techniques 

Accurate analysis of data is possible which can be achieved by an appropriate and 

adequate statistical approach to reduce the dimensionality of the input space in the 

samples into groups with similar characteristics. Unsupervised statistical patterns such 

as PCA and Hierarchical Cluster Analysis (HCA) are created to reduce the complexity 

of the data and to graphically represent patterns or clusters identified in the data 

(Kirwan et al., 2012). 

PCA is the most widely used unsupervised model to find the clustering of variables 

regardless of the classification of the observations. The PCA approach is usually 

carried out as the first step in the multivariate analysis method to combine the variables 

associated with each other to detect outlying values in order to extract meaningful 

information for data sets. For metabolic fingerprinting, the objective of PCA has been 
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utilised in the analysis of metabolomics data to provide a linear transformation that 

maintains lower dimensionality output data for the same amount of the variance that 

can be measured in original data (Nyamundanda et al., 2010). PCA, aims to achieve 

an unprejudiced dimensional reduction in data and is applied to show only the structure 

of the group and an overview of the dataset. While these characteristics of a PCA 

model may be sufficient to detect the deviations within- and among the groups, but it 

may not be able to provide a useful regression model if the expected changes in the 

data are affected by some confounding factors such as diet, environment and genetics 

(Abdi and Williams, 2010). Therefore, the supervised form is necessary to provide 

good predictions and improved data interpretation. 

 

1.4.3.1.2.2 Supervised Techniques 

In addition to the robust PCA method, supervised methods have been mainly 

performed to improve the ability to better distinguish the classification results between 

the actual samples and the outlier samples in order to solve the regression problem. A 

biased regression model can be obtained when the analyst uses a partial least squares 

(PLS) as a supervised model that explicitly specifies the response value for each 

variable. PLS regression problem is known as Partial Least Squares-Discriminant 

Analysis (PLS-DA) when there is a desired prediction between measurements taken 

in two or more experimental groups. Therefore, supervised models such as PLS-DA 

and its extension Orthogonal Partial Least Squares-Discriminant Analysis (OPLS-DA) 

have been applied to preserve the scores, loadings, and residual-based parameters with 

a familiar meaning and to address the regression problem (Worley and Powers, 2016).  
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OPLS-DA is a powerful technique used to identify differences between groups. It 

helps to understand pathophysiology and future therapeutic goals by identifying 

reliable biomarkers that have a significant relationship with segregation between 

groups and are associated with changes in the metabolic pathway. The appearance of 

spectral signals which are very diverse and may not be connected to the variation 

between study groups is inevitable in complex studies such as metabolomics (Wold et 

al., 2001). Due to this reason, OPLS-DA has been employed instead of PLS-DA to 

separate prediction groups and changes unrelated to the groups in the extracted data. 

Thus, OPLS-DA is advantageous over PLS-DA because it can separate not only the 

individual variants of X that do not belong to Y-horizontally, predictive variation, but 

also produce separation of X variants uncorrelated to Y-orthogonal. The quality of the 

supervised model, OPLS-DA, is evaluated by a symmetric validation method that 

determines the importance of the model with the goodness of fit (R2), the goodness of 

prediction (Q2) and the p-value of the model (P-CV-ANOVA) (Triba et al., 2015). 

 

1.4.4  Data Validation  

The statistical models thus, created however, do not always stand true as predictive 

models unless validation of the model has been carried out. Without validation, there 

is always an associated risk of over-fitting the data. Such over-fitted data stands out to 

be unreliable if considered for any clinical situations. Two main approaches to data 

validation in multivariate statistics are model validation and biomarkers identification. 
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1.4.4.1 Model Validation 

The validation of data modelling is an important step to obtain the reliable results. The 

most powerful tools to validate the applied model are the quality parameters including 

the variance explained (R2) and the variance predicted (Q2). A quantitative measure 

of the goodness of fit relates observations on Y-axis to variables on X-axis by 

quantifying the fraction of Y explained by the variation in x. Thus, the fraction of the 

total variation of the X block (R2X) that can be explained by each component will be 

valid when the value of R2 of this kind is close to one, the maximal value, which may 

be achieved through an increase the number of components. The considerable number 

of variables compared with relatively few observations might result in data over-

fitting. In other words, the results could be too optimistic. By means of cross validation 

(CV), which constitutes omitting a predefined number of observations (by default 

1/7th) and subsequently refitting the model, a quality of prediction parameter (Q2) can 

be obtained (Kirwan et al., 2012). Comparing the average value of the refitted models 

Q2 with the R2 of that model can show that it predicts more effectively than relying 

on chance (Steuer, 2006).  

In addition to internal validation tools (R2 and Q2), the validation of supervised model 

which has been built using SIMCA-P may be carried out by two external methods 

include the permutation test and analysis of variance of the cross validated (CV-

ANOVA). Applying a permutations test can establish if a specifically classifying 

observations into two groups is better to any significant degree than any other arbitrary 

division into two classes (Westerhuis et al., 2008). This test compares the R2 and a 

parameter derived from the original model with the new permutations of R2 and Q2, 

and constitutes a process which may be repeated in order to achieve new quality 
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parameters, which should all have lower values than the originals. Furthermore, the 

regression line of the predictive model should cross the horizontal line zero. CV-

ANOVA is used to test the significance of the variation predicted by the model under 

supervision. CV-ANOVA is the test which investigates the variation the model 

predicts against an H0 hypothesis of equal cross validated predictive residuals around 

the mean (Eriksson et al., 2008).  

 

1.4.4.2 Biomarker I dentification 

Many statistical steps may be used to identify and validate biomarkers based on a 

supervised model and statistical software used in it. The variable importance in the 

projection (VIP) and corrected p-values are tools used for this purpose. 

VIP is utilised to examine the contribution of each metabolite in a given model. The 

importance of each variable (metabolite) in the projection can be estimated and rated 

using the calculated value for this parameter in this way. In addition, it is often 

employed in variable selection during metabolomics. If VIP>1, metabolites are 

generally seen as making a high contribution to the model. A value for each metabolite 

in terms of its difference between groups (VIPpred) results from VIP, as does its 

contribution to the variability within the group (VIPortho). Metabolites with high VIPpred 

and low VIPortho values are sensitive and specific (Chong and Jun, 2005). 

Corrected p-values, the p-value is a tool used in statistics to evaluate the statistical 

significance of a variable. This value at Ŭ level = 0.05 has been the most used level 

which means that a difference in the risk may be due to chance is lower than 5%. For 

corrected p values, the number of variables (k) signifies a positive risk relationship 
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with a greater risk of false positive discoveries. To minimise this risk or Ŭ-altered, the 

Bonferroni correction is used. The Bonferroni correction compensates for that increase 

by testing each variable at a significance level of (Ŭaltered= Ŭoriginal / k) (Simes, 1986). In 

metabolomics variables are in the hundreds so when k=100, Ŭ=0.0005, this 

significance level might be acceptable when for example human cell lines are used as 

a matrix of metabolomics profiling in which almost all the condition are under control, 

but in the case of  human plasma which is a complex matrix, which renders level of 

metabolites among individuals of the same group disease/control highly variable and 

this will affect the significance level of these variables (Dunn et al., 2011). Hence for 

human biological samples it is preferable to utilise a less stringent tool such as false 

discovery rate (FDR). Benjamin-Hochberg defined FDR as óóthe proportion of errors 

committed by falsely rejecting null hypotheses that can be viewed through the random 

variable Q = V/(V + S) the proportion of the rejected null hypotheses which are 

erroneously rejected. Naturally, we define Q = 0 when V + S = 0, as no error of false 

rejection can be committed. Q is an unobserved (unknown) random variable, as we do 

not know v or s, and thus q = v/(v + s), even after experimentation and data analysis. 

The FDR of Q is defined to be the expectation of Qôô (Benjamini and Hochberg, 1995). 

 

1.4.5  Data Interpretation  

The interpretation of metabolomics changes and validation of practical conclusions 

should be taken into account in order to detect the biological function of the metabolite 

which can be useful as a biomarker. After identifying and determining metabolic 

changes induced by extrinsic and intrinsic interventions on metabolism processes, 

many metabolites that may display no significant change in their levels between two 



  

Page | 31 

 

different experimental conditions or study groups may show a correlation or 

intervention with other metabolites. These observations lead to the final step of 

metabolomics workflow, the biochemical interpretation and validation of 

metabolomics data, to provide an overview of all metabolic changes identified by 

specific conditions of the analysis model and biomarker validation (Steuer, 2006). 

The benefit of using metabolomics results combined with pathway topological 

measures is that it helps with understanding the relevance of each individual change 

and makes pathway analysis results interpretable. The interpretation of data is based 

largely on statistical approaches that have been established in order to determine the 

interdependencies between metabolites and metabolic pathway changes, such as 

principal and independent component analysis (Scholz et al., 2004), clustering 

techniques (Sumner et al., 2003), discriminant function analysis and multidimensional 

scaling (Arkin et al., 1997). The computational methods are the essential key to make 

the data visualisation and interpretation much easier to detect the significant 

metabolites closely associated with the affected biochemical pathways or biological 

processes. These procedures are used in assess the impact of the unbalanced 

metabolites within the over-represented pathway as well as the detection of 

biochemical relationships between the components. Metabolomics researchers 

currently have a wide variety of software tools at their disposal for the analysis of 

metabolomic data at the pathway level. A highly versatile pathway analysis tool which 

a recent development is Metaboanalyst. It offers a considerable range of metabolite set 

analysis methods and provides the web server to permit comprehensive metabolomic 

data analysis, visualisation and interpretation (Xia et al., 2015). 
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1.5  Analytical Tools  

The use of different technologies and methodologies is required in the metabolomics 

approach because of the considerable variability of metabolites in their chemical 

structures. Among the techniques metabolomics analysis toolbox are metabolite 

separation techniques (e.g. GC and LC) and spectroscopic detection techniques (e.g. 

Fourier-transform infrared spectroscopy, MS, and NMR), for determining metabolite 

variations in biological samples (Dettmer et al., 2007). 

 

1.5.1  Separation Technology  

Chromatography is a physical separation method involving the distribution of 

metabolites between two phases: the stationary phase and the mobile phase. A high 

efficiency to provide good shape and high resolution of peaks along with stable 

retention times are the required features from the ideal chromatography systems to 

achieve their main purpose. Generally, chromatography techniques are classified 

based on stationary phase either GC or LC. Depending on the nature of the analytes, 

volatile compounds can be separated by gas chromatography; while the separation of 

non-volatile compounds, whether weakly ionisable or neutral, require high 

performance liquid chromatography (HPLC). Mobile phases in these techniques are 

particularly significant in metabolome analysis and are selected depending on targeted 

metabolites and samples, since the number of metabolites is not the same in different 

biological samples. Chromatographic resolution and sensitivity is affected by the 

nature of the stationary phase or column chemistry. The most commonly used columns 

are silica-based or monolithic based for reversed-phase (RP)-chromatographic 
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columns. For RP-HPLC of metabolite mixtures, the mobile phase gradient necessitates 

a long gradient with a slow process. The mobile phase begins with high in water 

content and the final solvent has a high organic content. RP columns for analysing the 

metabolome have an advantage in that the analysis of non-polar compounds is easy, 

but many metabolites such as polar amino acids are not retained in RP chromatography 

(Iwasaki et al., 2007). An alternative to RP chromatography is hydrophilic interaction 

liquid chromatography (HILIC), which may be silica-based with a hydrophilic 

stationary phase. The HILIC mobile phase mode uses organic solvents with volatile 

buffers or water where the gradient mobile phase begins at a high organic solvent 

concentration such as 95% acetonitrile. Ammonium acetate and formic acid are 

suitable buffers. The zwitterionic-HILIC (ZIC-HILIC) column is being used 

extensively in the metabolomic field, the sulfobetaine zwitterionic functional group 

coats the silica and so permits polar analytes to separate by partitioning into a 

hydrophilic environment (Jandera, 2008). Thus, the properties of the metabolite 

establish the choice of separation tool. 

 

1.5.1.1 Normal Phase Liquid Chromatography (NPLC) 

Normal phase liquid chromatography (NPLC) uses a non-polar mobile phase, such as 

hexane, and a polar stationary phase, such as unmodified silica gel or silica gel with 

diol, cyano-alkyl, amide-alkyl or amino-alkyl groups attached, in order to retain the 

polar analytes. The commonest solvent mixtures are non-polar solvents with a slightly 

polar one as a modifier, for example hexane/ethyl acetate or hexane/isopropanol.  

The retention mechanism involves polar compounds adsorbed onto the stationary 

phase more strongly than the non-polar ones. The adsorption forces are mainly due to 
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hydrogen bonding between polar analytes and the polar stationary phase. NPLC has a 

different selectivity when compared to the reversed phase although the latter has a 

wider applicability. In fact, NPLC has several limitations including: poor solubility of 

polar analytes in the highly non-polar mobile phases used; difficulty in ionising 

analytes when interfaced with an electrospray mass spectrometer; slow equilibration 

between analytes and stationary phase leading to peak tailing, fronting, or variable 

retention times as concentration changes; and phase instability. Due to these problems 

there has been an increased popularity of RP systems whose mode of separation is 

opposite to that of NPLC (Watson, 2015). 

 

1.5.1.2  Reversed Phase Liquid Chromatography (RPLC)  

This offers an opposite mode of operation when compared to the normal phase type. 

The mobile phase is a polar one, containing a high proportion of water with an organic 

modifier, while the amount the stationary phase is hydrophobic, such as octadecyl 

(C18), octyl (C8) or butyl (C4) bonded to a silica support.  

The RPLC type offers a reliable and excellent method of separation of non-polar 

compounds as these can partition easily into the lipophilic stationary phase for 

separation to occur. However, the retention of the polar ones is a challenging process 

in RPLC. The solution might be to use a high amount of water in the mobile phase, 

however, this also leads to phase collapse, or phase de-wetting, and thus loss of all 

chromatographic efficiency. This frequently results in unstable retention times and 

poor resolution of peaks resulting from poor wettability in highly aqueous mobile 

phase compositions (Majors and Przybyciel, 2002). 
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Polar analyte retention in RP chromatography may be possible if the analyte is 

ionisable and therefore can form charged species in a reasonable pH range. The 

charged ions can in turn be made for form neutral ion pairs with ion-pair reagents such 

as alkyl sulfonates (if the analyte is positively charged) or tetrabutylammonium (for 

negatively charged analyte ions). The other setbacks are: (a) the possibility for 

complexation between the ions and, (b) slow equilibration rates with the ion pair 

reagent which might lead unstable retention times. An alternative approach to this is 

the HILIC technique (Watson, 2015, Gama et al., 2012). 

 

1.5.1.3 Hydrophilic Interaction L iquid Chromatography (HILIC)  

HILIC is a technique used to separate polar analytes using a polar stationary phase and 

a less polar mobile phase. It works in an orthogonal manner to RP chromatography, 

for example, whereas the organic solvent is the strong solvent in RP partition, water is 

the stronger one in HILIC. It has recently established itself as the method of choice for 

highly polar and hydrophilic compounds instead of RPLC.  

An advantage of HILIC is that it can increase MS sensitivity in electrospray ionisation 

(ESI) mode due to increased ionisation efficiency (Gama et al., 2012). The latter 

occurs as a result of a high proportion of organic solvent (such as acetonitrile) in HILIC 

mobile phase. This high organic content of the mobile phase in HILIC also means that 

biological samples need not be evaporated and re-constituted following protein 

precipitation with acetonitrile. This simplifies the whole process of sample preparation 

in bioanalysis. The other advantages include ability to separate counter ions including 

chloride, sodium and potassium that are common components of pharmaceuticals 

formulated in salt forms; low viscosity of the high organic mobile phase permits the 
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use of higher flow rates and leads to lower back pressures; and a wide selection of 

HILIC stationary phases is now available. Many challenges such as column overload 

leading to peak fronting, longer equilibration times may hinder the HILIC mechanism 

and also may be there mixed mechanisms in the separation process which are not easily 

understood and therefore not easily controllable (Martin and Synge, 1977).  

The main mechanism of separation in HILIC is the partitioning of polar compounds 

between a layer of water adhering on the polar stationary phase and the mobile phase 

that is less polar. The approaches that have used HILIC have demonstrated that the 

retention time for polar compounds will be longer than for non-polar. Other factors 

that increase retention times are: increased stationary phase polarity and decreased 

percentage of water in the mobile phase. The activity of column is impacted by the 

partitioning effect between the non-polar mobile phase and an aqueous layer which 

adsorbs onto the surface of the polar stationary phase. Thus the HILIC separation 

mechanism is dependent on solute characteristics as type and nature of the stationary 

phase and mobile phase composition (Gama et al., 2012). 

Due to the problems of mixed interactions and the need to reduce ion exchange 

interactions in HILIC, zwitterionic phases which are charge neutral have been 

developed. The ZICHILIC, zwitterionic phase, is the least affected by pH change and 

provides a totally different selectivity as well as it contains a strongly basic (a 

quaternary amino group) linked to a strongly acidic sulfonic acid group via a short 

alkyl spacer (Figure 1-3). Furthermore, the ability of zwitterionic phase surfaces to 

form a hydration layer do not exhibit strong ion exchange interactions because of 

cancellation of the positive and negative charge effects (Weber et al., 2008). 
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Figure 1-3: The chemical structure (A) ZIC-HILIC and (B) ZIC-cHILIC stationary phases. 

ZIC-HILIC has a sulfobetaine functional group while ZIC-cHILIC has a phosphorylcholine. 

 

 

1.5.2  Mass Spectrometry  (MS)  

Mass spectrometry (MS) is the most commonly used tool in metabolome analysis as a 

spectroscopy detection technique. It comprises different ionisation sources such as 

ESI, atmospheric pressure chemical ionisation (APCI), and matrix assisted laser 

desorption/ionisation (MALDI). Furthermore, there are different analysers for MS 

such as quadrupole (Q), ion trap (IT), time of flight (TOF), and Fourier-transform ion 

cyclotron resonance (FT-ICR), in addition to the Orbitrap technique which was 

developed (Katajamaa and Oreġiļ, 2005). The experimental sequence for 

measurements of the extent of mass accuracy the orbitrap mass analyser was depicted 

by Makarov and his colleagues in Fig. 1 from their paper (Makarov et al., 2006). One 

of the systems commercially utilizing the Orbitrap analyser is available as a hybrid 
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linear ion trap/Orbitrap mass spectrometer (LTQ Orbitrap) which consists of three 

major parts. The first part of LTQ system after the ionisation source is a linear ion trap 

which can produce MS and MSn spectra (n= the number of steps of MS). The ions are 

then focused in a quadrupole called the C-trap due to it is like letter C shape. Finally 

the ions injected into the third trap which is the Orbitrap. The ions tangentially cycle 

around an inner electrode and are trapped by applying a suitable voltage between outer 

and inner electrodes (Makarov et al., 2006, Scigelova and Makarov, 2006). The 

Orbitrap is also available in the other commercial instrumentation such as the Exactive 

which is an easyïtoïuse benchtop LC/MS system that can measure wide mass range 

spectra at high resolution and with minimum supervision. The schematic layout of the 

Exactive high resolution instrument was shown in paper of Makarov and Scigelova 

(Fig. 4) (Makarov and Scigelova, 2010). In comparison with the LTQ Orbitrap, the 

Exactive Orbitrap cannot be used to do MS/MS because of it does not have the 

capability of performing selected ion fragmentation using collision induced 

dissociation (CID). These diversities between the mass analysers caused by the 

variation in the characteristics of these analysers including mass resolving power, mass 

accuracy, sensitivity, and capability of generating spectral fragment masses from 

compound ions. In order to achieve sophisticated and robust spectroscopy techniques 

for metabolome analysis, soft ionisation methods such as photo ionisation (APPI) or 

ESI have been added to improve MS systems (Nordstrom et al., 2008). In order to 

achieve the benefit from the high-resolution, Orbitrap systems connect to liquid 

chromatography equipment to enhance separation of unknown compounds and enable 

high-throughput workflows. Essentially, the Orbitrap is an ion trap mass analyzer that 

consists of three electrodes. These electrodes are divided to two outer electrodes and a 
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central electrode which enable it to act as both an analyzer and detector. Orbitrap mass 

analyser work is described by Zubarev and Makarov as following ñIons are injected 

into the volume between the central and outer electrodes essentially along a tangent 

through a specially machined slot with a compensation electrode (a ñdeflectorò) in one 

of the outer electrodes. With voltage applied between the central and outer electrodes, 

a radial electric field bends the ion trajectory toward the central electrode while 

tangential velocity creates an opposing centrifugal force. With a correct choice of 

parameters, the ions remain on a nearly circular spiral inside the trap, much like a 

planet in the solar system. At the same time, the axial electric field caused by the 

special conical shape of electrodes pushes ions toward the widest part of the trap 

initiating harmonic axial oscillations. Outer electrodes are then used as receiver plates 

for image current detection of these axial oscillations. The digitized image current in 

the time domain is Fourier-transformed into the frequency domain in the same way as 

in Fourier transform ion cyclotron resonance (FTICR) and then converted into a mass 

spectrum.ò (Zubarev and Makarov, 2013). MS has become a major technique in the 

biomedical field through improvements in mass detectors because of their ability to 

detect low levels of compounds. Using a mass spectrometer can provide structural 

identity of the individual components with high molecular specificity and detection 

sensitivity. The value of metabolite data has been enhanced due to the achievement of 

accurate mass measurements by new technology, LTQ-Orbitrap and Exactive mass 

spectrometry, which are beneficial in the detection of the elemental composition of 

metabolites.  
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1.5.3  Gas Chromatography/Mass Spectrometry (GC/MS)  

Metabolomics research has made considerable use of GC techniques for analysing 

compounds in biological samples, especially the quantitative and qualitative for 

volatile and heat stable compounds. After it is dissolved in an organic solvent, the 

sample is injected into a high temperature injection port for volatilisation. Once 

volatilised, the mobile phase, an inert gas such as helium or hydrogen, carries it over 

a long column coated with a liquid layer which is the stationary phase. The components 

of the sample separate according to their chemical and physical characteristics of the 

stationary phase (the gas mobile is inert so does not play a part). If the affinity of the 

component for the stationary phase is greater, it is held on the column longer. An 

important factor in component identifying is the determination of the retention time of 

each component on the column under particular experimental conditions. The sample 

traverses the column to move onto the next stage in which the compounds can be 

detected by various detectors. The MS source where the separated components are 

ionised by electron ionisation (EI) is the first part of the MS. The mass analyser 

(quadruples or ion traps) separates the ions produced by their mass/charge ratio. A 

mass spectrum is created by the mass detector, where the ion abundance is plotted 

against the M/Z ratio (Stauffer et al., 2008).   

Increased sensitivity, high chromatographic resolution and high specificity can be 

achieved by linking MS with gas chromatography, Figure 1-4 shows a diagram of 

GC/MS. An important role in GC-MS sensitivity is played by the choice of ion 

separation methods and high sensitivity and high resolution is provided by the time of 

flight separation. Nevertheless, the dynamic range for the quadrupole analyser is 

greater than for TOF analysers. Moreover, it is possible to optimise many parameters 
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in order to improve sensitivity in GC instruments. Samples are carried into the GC 

system using a splitless injector (Pasikanti et al., 2008). The popularity of GC-MS in 

metabolomics studies can be explained in part by its accurate and reliable compound 

identification and the high resolution separations achievable on capillary gas 

chromatography columns. However, the variety of chemical structures and 

concentrations renders identification of metabolites somewhat challenging. Rapid 

progress in carbohydrate chemistry has in part been accelerated by the use of GC-MS. 

Current research on carbohydrate such as sugar acids and sugar alcohols has made 

ample use of these essential tools over the past ten years (Wiklund et al., 2008) (Ruiz-

Matute et al., 2011). 

 

 

Figure 1-4: Gas Chromatography/Mass Spectrometry diagram. The injected sample is 

volatilised in the sample inlet and is carried by the mobile phase (inert gas) to the column 

where the components are separated. The retention time for each component on the column is 

important for identification. The separated elements are transferred to the MS detector where 

they are ionised. The ions are passed through the mass analyser to the mass detector and a 

mass spectrum is generated 
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1.5.4  Liquid Chromatography -Mass Spectrometry (LC-MS)  

High resolution mass spectrometry (HRMS) (e.g. TOF or Orbitrap systems) alone are 

not qualified to provide identity information for metabolites. A chromatographic 

separation is required to distinguish isomeric metabolites possible and reduce ion 

suppression effects from the sample matrix. For this reason, a coupling of HRMS with 

the separation techniques, chromatographic methods such as GC and LC, is commonly 

used in HRMS-based metabolomics studies (Theodoridis et al., 2012, Gika et al., 

2014). Dionex UltiMate 3000 LC Front End is one of liquid chromatographic 

approaches can be used in metabolomics studies in compelling with an HRMS. The 

ultimate 3000 delivers high productivity and performance across the full range of 

sample sizes, column dimensions, and flow rates to meet the growing diversity of MS 

applications. The ultimate 3000 optimizes separations for all LC/MS applications, 

providing a new level of productivity and versatility. All the benefits, classical binary 

to quaternary and dual-gradient micro systems, provided by this technology are 

available to improve performance and productivity. Approaches based on LC-HRMS 

present greater complexity, but result in a greater likelihood that potential biomarkers 

will be observed where authentic standards are unavailable or where the compounds 

are unknown. The first pass in global metabolomics screens based on LC-MS produces 

a list of features. Accurate masses of these features can be subsequently searched 

against a database containing the accurate masses of metabolites (Vinaixa et al., 2012).  

The first LC separation technique hyphenated with HRMS and widely employed in 

metabolomics studies was RP, although there exists a limitation with regard to the 

retention and separation of polar metabolites - major components in all biological 

samples. There has been greater application of HILIC in recent HRMS-based 
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metabolomics studies (Cubbon et al., 2010, Zhang et al., 2012b). Furthermore, the 

occurrence of ion-suppression is more likely in polar metabolites present at trace 

levels. It has been reported that polar compounds can be separated by using HILIC, 

generally the LC performance of amines, sugars, phosphates and organic acids seems 

better under the conditions of the ZIC-pHILIC column, zwitterionic polymeric 

column, which can be used at high pH, and the sensitivity of ESI-MS is increased with 

the use of an organic solvent-rich mobile phase. Investigation of practical concerns in 

metabolomics have been carried out providing information on the number of 

repeatedly detected LCïHRMS features, isomer separation and the quality of the 

chromatographic peak shapes (Iwasaki et al., 2012, Zhang et al., 2014). In general, the 

accessibility of high quality data by using LC-MS techniques in metabolomic 

applications requires the control of unwanted deviations. The undesirable variations 

which accompanies the analysis of biological samples such as blood, plasma, saliva 

and urine by LC-MS methods can caused by either unwanted variation or the specific 

properties of the analysed samples which are related to physiological factors (Edmands 

et al., 2014). Control and correction of these measurements by good measurement 

designs are an important way to quantify sampling variability and identify the clear 

metabolite signals from the data. Additionally, optimal measurement designs produce 

an adequate answer on to biological queries and reduces the impacts of biological 

variation in order to increase the accuracy of the analysis. The possibility of conducting 

both biomarker discovery and validation on the same platform with LC-MS now arises 

by means of the application of stable isotope techniques for allowing relative 

quantification between differentially labelled samples or, absolute quantification via 

the inclusion of internal labelled standards or multiple reaction monitoring. During the 
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last quarter century, hundreds of LC/MS-based metabolomics studies have sought to 

detect and quantify many biomarkers in different animal and human biological fluids 

(Denoroy et al., 2013). 

 

1.6  Aims of Study  

The current study aimed to apply and, in some cases, develop metabolomic profiling 

methods for application to different human biofluid and tissue samples.  

1. The first aim of this thesis (Chapter 3) is to conduct an exploratory pilot study by 

using an untargeted LC-MS method to explore the effects of aerobic exercise 

challenge on the urinary metabolome of physically active individuals. An 

untargeted LC-MS method, using a well-established HILIC-MS procedure will be 

used to accomplish the analysis.  

¶ The objective of this part of the study is determine whether or not if there is a 

metabolite of metabolites which are correlated to VO2max. For this purpose, PLS 

modelling will be used to identify urinary metabolites which may be strongly 

correlated with VO2max. 

2. The second aim (Chapter 4) was to apply LC-MS based untargeted metabolomics 

to the analysis of post mortem human brain tissue will be performed by applying 

an established LC-MS-based metabolomic profiling methods. The availability of a 

unique library of post-mortem brain samples with extensive associated medical 

information will allow investigating of whether or not these samples might reveal 

any underlying pathology which could be related to diagnostic differences.  



  

Page | 45 

 

¶ The objective of this part of the study is to correlate metabolic profile with 

different types of mental illness and to determine whether or not there is an 

overlap between metabolic perturbations in mental illness and diabetes as has 

been previously suggested. 

3. The third aim was to apply a previously developed reductive amination method to 

separate the common hexoses fructose, glucose, galactose and mannose and in the 

identification of unknown sugars detected in post-mortem brain samples.  

¶ The objective of this part of the study is to further explore a proposed link between 

mental illness and diabetes could be established then this might give some rationale 

for the evaluation of medicines used in the treatment of diabetes in the treatment of 

mental illness. 

4. The fourth aim of the current study (Chapter 6) was to develop a novel strategy will 

be developed for the analysis of carboxyl-containing compounds, particularly 

oxidised fatty acids, in biological samples by ESI-LC-MS after coupling them to 

choline in order to enhance their detection limits  via establishing a positive charge 

on the molecules.  

¶ The objective of this part of the study is to enhance the detection of a range of 

biologically active oxidised fatty acids and to determine their levels in human 

plasma pre- and post- ingestion of beetroot juice which is an anti-oxidant. 
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Chapter 2                         

Materials and Methods  
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2.1  Chemicals and Solvents  

HPLC grade ACN, chloroform and methanol were purchased from Fisher Scientific, 

UK. HPLC grade water was produced by a Direct-Q 3 Ultrapure Water System from 

Millipore, UK. AnalaR grade formic acid (98%) was obtained from Fisher Scientific, 

UK or from BDH-Merck (Poole, Dorset, UK). Sodium chloride, ammonium 

carbonate, ammonium acetate, ammonium hydroxide solution (30-33%) and all 

standard used to evaluate the column were purchased from Sigma-Aldrich, UK. 

 

2.2  Biological Samples Preparation  

The samples obtained from the subjects which were designated for each study were 

collected in pre-labelled sterilised containers. The unopened containers were 

transported by ice box to the laboratory to be stored at -20°C to -80 C, according to 

samples type, until are analysed. On the day of analysis, these samples were thawed at 

ambient temperature for 1-2 hours before further preparation for LC-MS analysis. The 

three types of biological samples were urine, plasma and brain tissue in this study. 

Metabolites in these specimens were extracted based on type of study samples as will 

be stated in the subsequent chapters wherever applicable for each study. 

 

2.3  Standard S olutions Preparation:  

The stock solution of each metabolite standard was prepared at 1 mg/ml with HPLC 

grade methanol and water (v/v) and stored at ï 20oC. Four authentic stock standard 

mixtures for 220 compounds were prepared by mixing 100µl from each stock solution. 

In each mixture, about 56 metabolites were mixed and then the solution was made up 

to 10 ml with acetonitrile. Consequently, the final concentration for each metabolite 
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standard was 10µg/ml. Thus, 440 positive and negative ions for these metabolite 

standard mixtures, as detailed in supplementary material (Table 2-S1), were later used 

to determine the matched metabolites in biological samples. In order to avoid identity 

confusion, isomers were distributed into different standard solutions and in-source 

fragments were also carefully verified. 

 

2.4  Pooled Samples P reparation  

Pooled plasma samples were prepared by taking 20µl aliquots from 10 randomly 

selected non-extracted plasma samples, metabolites were extracted by transferring the 

200µl to an Eppendorf tube with the addition of 800µl of ACN. After vortexing the 

samples were centrifuged at 10000 revolutions per minute (rpm) for 10 min. The 

supernatant was then collected into a HPLC vial as a final solution ready for LC-MS. 

A pooled sample was injected at the beginning, in the middle and at the end of the run 

to check for technical variation and to monitor the stability of the instrumentation. To 

quantify the precision of the measurements, the relative standard deviation (RSD) was 

calculated between the pooled samples based on total intensities in each sample and 

an RSD must not exceed 20%. 

 

2.5  HPLC Conditions  

2.5.1  Mobile Phase Solutions for ZIC -pHILIC C hromatography  

All mobile phase solutions were freshly prepared and stored at room temperature for 

up to 48 hours. Mobile phase A (20mM ammonium carbonate (AC) buffer, pH 9.2) 

was prepared by addition of 1.92g of AC to 800 ml of HPLC-grade water followed by 

adjustment to pH 9.2 with ammonia solution and then more water was added to make 
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the volume up to 1L. Mobile phase B was HPLC- grade ACN only. The column used 

was a ZIC-pHILIC column (L150 x L.D. 4.6 mm, 5µm, polymeric bead support) from 

Hichrom Ltd, Reading, UK (Zhang et al., 2013). 

 

2.5.2  Mobile Phase for C18 Chromatography  

All solutions were freshly prepared and were stored at room temperature for up to 48 

hours. Mobile phase A (0.1 % formic acid (FA) in water (v/v), pH 3) was prepared by 

addition of 1ml of acid to 800 ml of HPLC-grade water followed by mixing then was 

completed to a volume to 1L with additional water. Mobile phase B (0.1 % FA in ACN 

(v/v), pH 3) was prepared by addition of 1ml of acid to 800 ml of HPLC-grade ACN 

followed mixing then was completed to a volume of 1L with more ACN, and the pH 

adjusted using a pH meter. The column used was an ACE C18-AR (150 x 4.6mm, 

particle size 5µm, pore size 100A) from Hichrom Ltd., Reading UK (Zhang et al., 

2013). 

 

2.5.3  HPLC Setup  

The HPLC was fitted with the appropriate mobile phase components. The auto- 

sampler needle and sample syringe were flushed with the syringe wash solution 

(methanol/water, 1:1). The system was initially purged, successively, with 100 % of 

each of mobile phases B followed by A at a flow at 5 ml/min for 5 min in each case. 

The purge valve was then closed and the selected HPLC column was conditioned with 

50 % of mobile phase B at a flow rate of 0.3 ml / min for 10 min. The operating pump 

pressure was continuously monitored to ensure that it was below 2,000 pounds per 

square inch (p.s.i). Injection volume was 10µl per sample and chromatographic 
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separations were performed on both ZIC-pHILIC and C18-AR columns by applying 

two separate linear gradient elutions for 46 min as shown in Tables 2.1 and 2.2, 

respectively as described in sections 2.5.1 and 2.5.2. For both separations, the same 

operating conditions were employed for the ESI interface which was operated in a 

positive/negative polarity switching mode. While on the instrument, samples were 

kept on a vial tray which was set to a constant temperature of 4°C to avoid any possible 

degradation of samples.  

 

 

Table 2- 1: Gradient elution programme applied for ZICpHILIC in LC-MS analysis. 

Time (min) 

Mobile Phase A% 

20 mM AC 

Mobile Phase B% 

ACN 

Flow Rate 

(ml/min) 

0 20 80 0.3 

30 80 20 0.3 

31 92 8 0.3 

36 92 8 0.3 

37 20 80 0.3 

46 20 80 0.3 

 

 

 

Table 2- 2: Gradient elution programme applied for C18-AR in LC-MS analysis. 

Time (min) 

Mobile Phase A% 

0.1% aqueous FA 

Mobile Phase B% 

0.1% FA in ACN 

Flow Rate 

(ml/min) 

0 90 10 0.3 

30 0 100 0.3 

35 0 100 0.3 

36 95 5 0.3 

46 95 5 0.3 
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2.5.4  MS Setup of Exactive and LTQ-Orbitrap   

LC-MS was performed on Dionex Ultimate 3000 HPLC connected to an Exactive 

(Orbitrap) mass spectrometer from Thermo Fisher Scientific (Bremen, Germany). The 

quality of data acquired from an instrument has an implication on the accuracy of the 

deductions that can be made from a study as a whole. To maintain enhanced instrument 

sensitivity, any residues in the ion source chamber were removed. This was achieved 

by sonicating the sample cone and the ion transfer capillaries in a 50:50 

methanol/water solution (v/v) for 15 min. 

The mass spectrometry was tuned and calibrated in accordance with the manufacturer's 

specifications using the Thermo Calmix standard solutions. The signals of ACN dimer 

(2xACN+H) m/z at 83.0604 and 195.03765 for caffeine were used as lock masses for 

positive (PIESD) mode and a lock mass for negative (NIESI) mode was used at  m/z 

91.0037 (2 x formate-H), during each analytical run. The MS accuracy was tested 

using standard analytes with intensities between 104 and 107 as calibrates. The 

calibration peaks were checked to make sure that the mass deviations were less than 3 

part per million (p.p.m), otherwise the instrument was recalibrated to correct the mass 

errors. The spray voltage 4.5 kV for positive mode and -4.0 KV for negative mode. 

The temperature of the ion transfer capillary was 275oC and the sheath and auxiliary 

gases were set at 50 and 17 arbitrary units, respectively. The full scan range was 75 to 

1200 m/z for both positive and negative modes. 

The LTQ-Orbitrap is used to record full-scan mass spectra and sequential MS2 (MS-

MS) activation spectra from low-resolution precursor ion selection. Full-scan mass 

spectra are acquired in positive-ion mode with a resolving power of 60,000. MS/MS 

spectra can be obtained at 35 V by using the LTQ-Orbitrap, a parent ion intensity 
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threshold of 10,000, and targeting the three most abundant species in the full-scan 

spectrum or targeting selectively only predefined species on a parent ion list. 

 

2.6  LC-MS Data E xtraction and P rocessing  

2.6.1  Data Processing by MZmine 2 -14  

All raw data files (Thermo-Xcalibur format) were manually sorted into folders 

according to study groups. Then they were converted to mzxML files using an open 

source software: msconvert (proteowizard.sourceforge.net). Polarity split was 

processed by using the MZMIN split function to separate the Exactive's positive and 

negative ion mass spectra. Prior to metabolite identification by MZmine 2-14. In order 

to identify the metabolites in the processed data was searched against an in house 

metabolite database as well describe in next section (2-6-2). The procedures and the 

setting of each step used in MZmine 2.14 are described below (Pluskal et al., 2010, 

Zhang et al., 2013). 

1. Raw data import 

The raw data were converted to mzML format to be imported into MZmine. 

2. Peak detection 

Three steps including mass detection, chromatogram builder and chromatogram 

deconvolution were performed for peak detection as follows. 

ü Mass detection: 

A list of masses (ions) for each scan in the raw data file was generated by the mass 

detection module which can be provided by many mass detectors. The appropriate 

detector can be chosen depending on the raw data characteristics such as mass 

resolution, mass precision, peak shape and noise. The centroid mass detector was used 
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for mass detection in this study because of the raw data are already centroided, only 

one algorithm (centroid mass detector) can be used. All  major three parameters of mass 

detection including mass detector, MS level and noise level were set in Figure 2-1. 

 
Figure 2-1: The setting of mass detection parameters. Algorithm is used for mass detection 

and its parameters. MS level of scans is one, for which the mass lists should be generated  

 

ü Chromatogram builder: 

The mass lists obtained from mass detection were used to build the chromatogram 

algorithm for each mass that can be detected continuously over the scans. For building 

the chromatograms, only MS level 1 scans are considered for chromatogram algorithm 

which works by preserving a series of chromatograms coming cross consecutive scans.  

A chromatogram can be finished when no m/z peak is found to be connected to, its 

length (time span) and intensity (height) are checked according to the required 

parameters (Fig. 2-2) which were added to the final peak list. 
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Figure 2-2: The setting of chromatogram builder parameters. 

 

ü Chromatogram deconvolution:  

Chromatogram deconvolution module was conducted to establish individual peaks 

when the detection of chromatograms by the chromatogram builder has been finished. 

Due to several algorithms are provided for chromatograms have to be deconvoluted 

into individual peaks, the choosing of deconvolution algorithm should be suitable for 

study purpose.  Algorithm of chromatogram deconvolution in this study was local 

minimum search. Figure 2-3 shows the setting of chromatogram deconvolution 

parameters.  

 

 
Figure 2-3: The setting of chromatogram deconvolution parameters. 
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3. Isotopes 

In MZmine, isotope pattern (deisotoping) cannot be applied in individual scans. 

Therefore, it has been performed after the carrying out of chromatogram builder and 

deconvolution module. The main purpose of isotopes module is processing the peaks 

in the peak list by the order of decreasing height to find the most appropriate charge 

state by comparing the number of identified isotopes for each possible charge in each 

peak. For each charge state, peaks which fit the m/z and RT distance limits are 

considered as isotopes. Thus, only the most abundant isotope is kept while the 

additional isotopic peaks are removed from the peak list. Isotopes module which was 

performed by isotopic peaks grouper (deisotoped) was set based on parameters as 

explained in Figure 2-4. 

 
Figure 2-4: The setting of de-isotoping module parameters. 

 

4. Alignment 

Join aligner was used to align detected peaks in different samples through a match 

score which was calculated based on the mass and retention time of each peak and 

ranges of tolerance stipulated in the parameters setup dialog (Figure 2-5). 
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Figure 2-5: The setting of required parameters for the alignment method. 

 

5. Gap filling  

This method fills in gaps in each peak list row by using the same m/z and RT range as 

other peaks in the row (Fig 2-6). The m/z and RT ranges where the new peaks will be 

sought are obtained using the ranges of the rest of the peaks in the same row. The 

minimum value of these ranges is the minimum value in the range of all the peaks in 

the row and the same happens with the maximum value. The new peak is constructed 

using the highest data point of each scan within the determined m/z and RT ranges. 

 

 

 
Figure 2-6: The parameters setup dialog of gap filling. 
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6. Filtering  

Filtering module, peak list rows filter (Fig 2-7), removes all rows in the selected peak 

list that cannot achieve the user defined requirements. These requirements can be the 

minimum number of peaks in the row, the minimum number of peaks in an isotope 

pattern, peak duration or a m/z vs retention time window. When an aligned peak list, 

i.e. multiple peaks per row, is filtered then the average of each row's peak duration, 

m/z and RT values are used to filter the row. 

 

  

Figure 2-7: The setting of filtering module parameters. 

 

7. Identification  

Identity of peaks were allocated based on the values of m/z and RT of the peaks 

collected in custom database which previously designed in comma-separated values 

(CSV) format. The requirements of metabolites identification are stipulated in the 

parameters setup dialog as show in Figure 2-8. The filtered peaks were searched 

against a custom database, house metabolite database, which are provided from four 

common databases used for metabolites identification. These common databases used 
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for this purpose are: (1) Kyoto Encyclopaedia of Genes and Genomes (KEGG) 

(http://www.genome-jp/kegs/), (2) Human Metabolome Data Base (HMDB) 

(http://www.hmdb.ca/), (3) METACYC Metabolic Pathway Database 

(http://metacyc.org/) and (4) LIPID MAPS (http://www.lipidmaps.org/)  

 

 

 
Figure 2-8: the parameters setup dialog of Identification method. 

 

 

 

 

 

http://www.genome-jp/kegs/
http://www.hmdb.ca/
http://metacyc.org/
http://www.lipidmaps.org/
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2.7  Metabolomics P rofiling   

2.7.1  Statistical Software  

All data processing, including data visualisation, biomarker identification, diagnostics 

and validation, was implemented using SIMCA software v.14 (Umetrics AB, Umeá, 

Sweden) for multivariate analysis (Trivedi and Iles, 2012). Additionally, 

Metaboanalyst 3.0 (www.metaboanalyst.ca) (Xia et al., 2015) and Excel (Microsoft 

Office 2013) were employed for univariate and multivariate analysis. 

 

2.7.2  Pre-Treatment  

Prior to multivariate analysis, LC-MS data was log transformed (base 2) and then 

Pareto scaled for variance (Par) so that the responses for each variable were centred 

by subtracting its mean value and then divided by the square root of its standard 

deviation. The variation of QC samples around their mean (CVQC) is expected to be 

low since they are replicates of the same pooled samples. CVQC was also calculated 

for each of the putatively identified metabolites among the pooled samples, 

metabolites with CVQC > 20% were rejected. CVQC applied as the last filter where the 

metabolites were removed if only detected in less than 80% of the biological samples 

in each defined group (Dunn et al., 2011). 

 

2.7.3  Data Visualisation and Biomarkers I dentification  

Prior to modelling the LC-MS data, Hotelling's T and DModx limits were employed 

to detect sample outliers which might affect the whole model. Samples were removed 

from the model if they were above the action limit (99 %) of Hotelling 's T2 , red line, 

or if they exceeded the  warning limit (95 %) of Hotelling 's T', orange line, plus critical 

http://www.metaboanalyst.ca/
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limit of DModX. PCA, an unsupervised model, was employed to explore how 

observations clustered based on their metabolic composition regardless of their 

grouping (Eriksson et al., 2008). On the other hand, a supervised model, orthogonal 

partial least squares-discriminant analysis, was employed to examine the differences 

between groups while neglecting the systemic variation. The p values of the 

biomarkers were corrected using false discovery rate (FDR) (Benjamini and Hochberg, 

1995). Variable importance in the projection was employed to assess the contribution 

of each variable in the observed metabolomics change to a given model compared to 

the rest of variables. VIP divided into VIPpred, which represent contribution of a 

metabolite to the difference between groups compared to other metabolites, and 

VIPortho, which indicates contribution of a metabolite to variability within group 

compared to other metabolites in the same model. The average VIP is equal to 1; thus 

a variable with VIP larger than 1 has more contribution in explaining y and vice versa 

(Chong and Jun, 2005). Also, unreliable metabolites can be filtered by jack-knifing, a 

method for finding the precision of an estimate, by calculation the confidence interval 

(CI). The 95% CI was calculated for each metabolite based on jack-knife of uncertainty 

which estimates the prediction error rate based on the cross validation rule used. 

Correlation coefficient of a metabolite in samples used to evaluate reliability of a 

metabolite (Wiklund et al., 2008). Metabolites were then filtered based on their p-

values and 95% CI so that all metabolites with p-values > 0.05 and / or 95 % CI 

crossing the zero point were filtered out.  
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2.7.4  Diagnostics and Validation  

Diagnostics and validation of data modelling by PCA and OPLS-DA models were 

performed by internal and external diagnosis tools. In internal validation, the variance 

predicted-Q2 (Cum) and variance explained-R2 (Cum) were employed as internal 

validation tools for supervised and unsupervised models. The R2 represents the 

percentage of variation explained by the model while Q2 indicates the percentage of 

variation in response to cross validation. The R2 value of the regression line in the plot 

represents the strength of the association between the observed and predicted Y values 

and was used to choose the number of latent variables (orthogonal axis). The R2 

represents quantitative measure of the goodness of fit and its value limited with 

minimum explanation (0) to maximum explanation (1). The goodness of model can be 

inferred through the rising of R2 value to be close to the maximal value of one, whilst 

reduction this value to zero indicates to poor model. Unless the value of Q2 more than 

0.5 and close to a high R2 value (close to 1), a large gap between R2 and Q2 values 

indicate poor model, model that cannot predict, and problems with variables (Worley 

and Powers, 2013). In additional to internal validation tools, the permutation test and 

CV-ANOVA as external diagnosis tools were performed to validate supervision 

model. In the process of validation by SIMCA-P, a permutations test was applied to 

evaluate whether the specific grouping of the observations in the two designated 

classes was significantly better than any other random grouping in two arbitrary 

classes. The criteria for validity are: All blue Q2-values to the left are lower than the 

original points to the right or regression line of the Q2-points intersects the vertical 

axis (on the left) at, or below zero.  Note that the R2-values always show some degree 

of optimism. However, when all green R2-values to the left are lower than the original 
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point to the right, this is also an indication for the validity of the original model. Model 

validity was also assessed using CV-ANOVA which corresponds to Ho hypothesis of 

equal cross validated predictive residual of the supervised model in comparison with 

the variation around the mean (Eriksson et al., 2008). 

 

2.7.5  Putative Biomarker Selection Workflow  

The initial filtration of metabolites was carried out in data modelling step based on 

their VIP and FDR value as described in section 2-7-3. The selected metabolites which 

had assessed contribution in the observed metabolomics change (VIP>1.0) were 

filtered again to select significant metabolites. Putative biomarker selection workflow 

was examined based on four main factors are their p-values, 95 % Cl of mean 

difference, corrected p-values and VIP. Firstly, p-values and 95 % Cl of mean 

difference were calculated for selected high VIP metabolites to be filtered. In this 

filtration, a metabolite was filtered out if it had a p - value > 0.05 and / or its 95 % CI 

crossed 0. Secondly, filtered metabolites were processed by using Metaboanalyst in 

order to obtain corrected p-values (Xia et al., 2015). The metabolites which had a p-

value (corr) > 0.05 and/or VIP < 1.0 were excluded from significant metabolites list. 
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Abstract :  

Ten physically active subjects underwent two cycling exercise trials. In the first, 

aerobic capacity (VO2max) was determined and the second was a 45 min submaximal 

exercise test. Urine samples were collected separately the day before (day 1), the day 

of exercise (day 2), and the day after (day 3) the submaximal exercise test (12 samples 

per subject). Metabolomic profiling of the samples was carried out using HILIC 

column coupled to an Orbitrap Exactive mass spectrometer. Data were extracted, 

database searched and then subjected to PCA and OPLSDA modelling. The best 

results were obtained following normalisation the metabolites in each individual to 

their mean output over the five urine samples on days 1 and 2 of the trial proved the 

accepting of the current normalisation approach. This approach allowed PCA to 

separate the day 2 first void samples (D2S1) from the day 2 post-exercise samples 

(D2S3) PCA also separated the equivalent samples obtained on day 1 (D1S1 and 

D1S3). OPLSDA modelling separated both the D2S1 and D2S3 samples and D1S1 

and D1S3 samples. The metabolites affected by the exercise samples included a range 

of purine metabolites and several acyl carnitines. Some metabolites were subject to 

diurnal variation these included bile acids and several amino acids, the variation of 

these metabolites was similar on day 1 and day 2 despite the exercise intervention on 

day 2. Using OPLS modelling it proved possible to identify a single abundant urinary 

metabolite provisionally identified as oxo-aminohexanoic acid (OHA) as being 

strongly correlated with VO2max when the levels in the D2S3 samples were considered. 
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3.1  Introduction  

Physical activity and exercise have a major impact on health (Sarris et al., 2014) and 

can reduce the incidence of several diseases including cardiovascular disease (CVD), 

diabetes (WHO.,   2009), and mild-to-moderate depression (Sarris et al., 2014).  The 

World Health Organisation has reported that CVDs are the leading cause of mortality 

(17.5 million deaths) followed by diabetes (1.5 million deaths) (WHO, 2014). In the 

UK this is equates to more than 200,000 (37% of total) deaths due to CVD per annum 

(Allender et al., 2007). The five major world risks for death are, to some degree, 

modifiable risk factors including high blood pressure (13%), the use of tobacco (9%), 

elevated blood glucose (6%), physical inactivity (6%) and overweight/obesity (5%) 

(WHO, 2014).  Modifications to these risks can be achieved through consumption of 

fruit and vegetables (diet modification), moderation in the use of alcohol and physical 

activity. The indirect cost of physical inactivity in developed countries, Scotland is 

among the least physically active countries (Reilly et al., 2014), equates to 1.5%-3% 

of total direct health care costs. Regular exercise which is relatively inexpensive 

cannot only modify, but also, more importantly, improve the overall quality of life and 

life expectancy (Scarborough et al., 2011). There are uncertainties, however, 

connected with the duration, frequency and intensity, as well as the optimal type of 

exercise for persons of different cohorts (for example, sedentary or already active), 

and the nature of the molecular mechanisms underlying health improvement by means 

of exercise. A number of factors such as gender, age, life-style and body mass index 

(BMI) may be relevant in solving this issue. Lack of regular exercise may  negatively 

impact on human health and may be the cause of disability or disrupt numerous 

abnormalities disorders such as mental illness, hormones disorder, inflammation and 
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oxidative stress (Jacka et al., 2012). The use of metabolomics-based techniques to 

directly investigate the effects of exercise on the human metabolome, can lend new 

insight into novel phenotypic responses ï which may lead to personalised training 

regimes related to an individualôs initial metabolic status (Sarris et al., 2014).  

In the last quarter century, the greater availability of NMR, GC-MS and improved LC-

MS techniques was reported in the majority of untargeted metabolomics studies on 

exercise and some studies which focused on pre-determined pathways such as the 

metabolic effects of exercise on steroid metabolism, purine metabolism, and oxidative 

stress. A large variation exists in the depth of the studies judging from their success in 

generating intriguing new hypotheses where a sense of the metabolome operating in a 

complex, dynamic fashion in a variety of exercise regimes becomes apparent. There 

are many metabolomics-based studies suggeste that exercise has a clear effect on the 

human metabolome as shown in the smaller study by our laboratory group (Daskalaki 

et al., 2015b). These studies used several analytical metabolomics techniques to 

determine the changes in the levels of metabolites and search for novel biomarkers. 

Some of these studies included the measurement of aerobic capacity as an indicator 

associated with the impact of exercise on the human metabolic pathway. Aerobic 

capacity is the VO2max which refers to the use of oxygen to adequately meet energy 

demands during exercise via aerobic metabolism. However, the changing in urine 

metabolomics before and after the acute various exercises was one of the main goals 

for several of metabolomics studies in clinical field 

 



  

Page | 67 

 

3.1.1  Urine Metabolom e 

Urine has long been used as one of the most important biological fluids to identify and 

monitor a variety of diseases because of some of its physical characterisation. 

Clinically, some of pathological conditions such as jaundice syndrome (JS), diabetes 

(DI), haemolytic anaemia and uraemia syndrome, can be predicted by the smell and 

colour of urine (Bouatra et al., 2013). Additionally, the vast amount of biomarkers in 

urine, ease of collection the large amounts of sample and lower urinary protein or lipid 

content encouraged metabolomics researchers to use urinary metabolic profiling as the 

important clinical diagnostic tool (Zhang et al., 2012a). Metabolomics studies reported 

that the estimation of metabolite biomarkers in urine samples is more advantageous 

than their estimation in other biological samples (Ellis et al., 2007). Therefore, the 

discovery of novel biomarkers through the application of urine metabolomics has 

become a key element in metabolomics research which focuses on diagnosis of disease 

states and therapeutic efficacy. 

One of common uses of LC-MS include analysis of human urine and its successful use 

in urine metabolomics studies for disease diagnostics and biomarker discovery. In this 

approach, HILIC is the major determinant in separation and retention of metabolites 

because of a significant number of highly polar metabolites such as amino acids, 

organic acids, sulphate and glucuronide conjugates, and sugars contained in human 

urine (Zhang et al., 2012c). However, chromatographic performance of LC conditions 

with regard to repeatability and linearity for urinary metabolites in untargeted 

metabolomic studies were reviewed by Iwasaki and his colleagues (Iwasaki et al., 

2012).  
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Nasrallah and Al -Khalidi (1964) cited that the increase in ñnon-uric acid purineò in 

urine samples post-exercise was first observed in the early 1900s by Burian (Nasrallah 

and Al-Khalidi, 1964). Most investigations into these adenine nucleotides, effective as 

potent vasodilators and contributors to energy regulation, have their origins in the basic 

metabolomics techniques mentioned above, developed in the late 1960s and early 

1970s (Mashego et al., 2007). Forrester and Lind (1969), in their research on humans, 

investigated the role of ATP content from venous effluent of the forearm muscle after 

exercise (i.e. 10% and 20% maximal voluntary contractions), and demonstrated a 

comparative increase in ATP post-exercise as against resting values (Zhang et al., 

2013).  

Recently, metabolomics studies have been improved to be one of the important 

approaches to identify tthe reliable biomarkers which contribute diagnosis and 

treatment of diseases. Urinary metabolomics has been evaluated as one of  analytical 

method for detection of many of chronic diseases (Zhang et al., 2013). 

 

3.1.1.1 Purine Metabolism in Metabolomic-Exercise Studies  

Most recurrent observations of the effects of exercise focus upon the effects on the 

purine pathway in both acute and prolonged exercise regimes. The metabolic effects 

of exercise on purine metabolism were frequently reported in most exercise-based 

metabolomics studies (Neal et al., 2013, Pechlivanis et al., 2010, Pechlivanis et al., 

2013, Sheedy et al., 2014). More specifically, the greater efficiency of salvage of 

hypoxanthine, a purine derivative and intermediate in the adenosine metabolism, 

among trained individuals has been observed in several papers in this field as in 

relation to the important role of ATP in muscle function during exercise (Dudzinska 
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et al., 2010, Sahlin et al., 1999, Zielinski et al., 2013a, Zielinski et al., 2011). 

Researchers have monitored changes in purine metabolism in long-distance runners 

during their yearly training cycle through decreases in levels of post-exercise xanthine 

together with higher levels of the salvage enzyme hypoxanthine-guanine 

phosphoribosyl transferase (HGPRT). The resulting principal observation in the study 

indicated that training produced reduced excretion of hypoxanthine (Zielinski et al., 

2009). In another study, the same authors then undertook a comparison of high-level 

sprinters and triathletes, establishing that reduced hypoxanthine levels occurred among 

the trained sprinters, as compared with the triathletes. HGPRT levels increased among 

sprinters, compared with the triathletes, suggesting a more effective use of anaerobic 

energy resources as a result of sprint training than from triathlon training (Zielinski 

and Kusy, 2012). Finally, significant changes in purine metabolism with time were 

only recorded after high-intensity exercise in their training schedules, there being no 

significant change subsequent to constant low-intensity exercise (Zielinski et al., 

2013b). It is interesting to note that in a study comparing triathletes, sprinters, middle- 

and long-distance runners, low post-exercise hypoxanthine levels corresponded with 

performance far more than lactate levels and aerobic capacity, maximal oxygen 

consumption (VO2max). 

 

3.1.1.2 Oxidative Stress in Metabolomic-Exercise Studies 

Oxidative stress may play an important role in the development of complications and 

may be associated with metabolic changes which may due to accelerated generation 

of ROS and increases in oxidative chemical modification of lipids, DNA, and proteins 

in various tissues (Liu et al., 2011). Correspondingly, the levels of antioxidants and 
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lipid peroxidation products were measured before and after submaximal exercise in 

two groups, resistance-trained and non-resistance-trained males. Elevated Ŭ-

tocopherol, ɔ-tocopherol, ɓ-carotene, and lycopene (fat soluble antioxidants) 

concentrations after exercise were noted. In both groups, the concentrations of the lipid 

peroxidation products malondialdehyde and conjugated dienes were also higher after 

exercise. A switch from xanthine dehydrogenase, which uses nicotinamide adenine 

nucleotide (H+) as a co-factor, to xanthine oxidase, which uses oxygen as a co-factor, 

was classified as one of the mechanisms for exercise-induced free radical formation 

(Ramel et al., 2004, Subudhi et al., 2001). The oxidative stress related with free radical 

activity resulting from the exercise appears to be better tolerated during moderate 

intensity exercise in the trained subjects. In their article, Vollaard and his colleagues 

reported evidence suggesting that elevated oxygen consumption may increase free 

radical activity. They concluded that the elevation of oxygen consumption during 

exercise compared with rest may depend on the type of exercise and this is responsible 

for increased oxidative stress reactions (Vollaard et al., 2005). Thus, among a number 

of mechanisms which may cause free radical production during exercise is increased 

VO2max. 

 

3.1.2     Metabolomic profiling of Exercise Urine Samples as A 

Predictor of VO 2max : 
 

VO2max is a measurement of capacity to take advantage of oxygen or the maximum 

level of oxygen consumption by individuals during maximal aerobic exercise. It has 

been used as a useful tool for predicting cardiovascular and other mortality causes 

(Sousa et al., 2015). Given that cardiorespiratory fitness is strongly associated with 
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morbidity and mortality outcomes (Carnethon et al., 2005), assessing the effects of 

exercise on the human metabolome may also yield vital diagnostic and prognostic 

indicators for clinicians. Cardiorespiratory fitness is most commonly expressed as the 

maximal rate of oxygen consumption which can be determined by measuring 

respiratory variables during an incremental exercise test to exhaustion.  Of further 

interest is that VO2max is also a primary determinant of endurance exercise performance 

(Joyner and Coyle, 2008). A positive correlation between VO2max with tryptophan and 

metabolites related with increased tryptophan such as kynurenate, was evident in a 

study of individuals after running a 26.2-mile Boston marathon, as identified by 

Lustgarten et al. (2013). In another study, many differences were noted between 

persistently physically active and inactive individuals in the circulating metabolome, 

with results demonstrating a better cardio metabolic health in a more physically active 

twin (Kujala et al., 2013). Based on the studies mentioned previously in the literature 

of similar study by our laboratory group (Daskalaki et al., 2015a, Daskalaki et al., 

2015b), there have been very few comprehensive LCMS-based investigations utilising 

an untargeted metabolomics method that examine the acute effects of exercise. 

Meanwhile, new prospects are becoming available in understanding and coverage the 

metabolic changes because of the high resolution and high throughput monitoring 

systems. However, directly investigating the effect of exercise on the human 

metabolome, via metabolomics-based techniques, has the potential to provide new 

insights into novel phenotypic responses and might allow personalised training 

regimes that are reflective of the initial metabolic status of each individual. 
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3.1.3  Aim of Study  

Conducting an exploratory pilot study by using an untargeted LC-MS method to 

explore the effects of aerobic exercise challenge in the urinary metabolome of 

physically active individuals was performed. The primary aim was to establish the 

effects of exercise on the human metabolome using a bout of exercise that was 

standardised to a relative intensity. The secondary aim was to explore potential 

predictive markers for VO2max.  

 

3.2    Materials and Methods   

3.2.1    Chemicals and Solvents  

HPLC grade ACN was purchased from Fisher Scientific, UK and HPLC grade water 

was produced by a Direct-Q 3 Ultrapure Water System (Millipore, UK). AnalaR-grade 

formic acid (98%) was obtained from BDH-Merck (Poole, Dorset, UK).  Four 

authentic stock standard mixtures for 220 compounds were prepared as stated 

previously in section 2-3 and diluted 4 times with ACN before LC-MS analysis. 

Ammonium carbonate was purchased from Sigma-Aldrich, UK. 

 

3.2.2    Subjects and Experimental Design  

Ten healthy recreationally active adults, two females and eight males, volunteered and 

provided written informed consent to participate in the study. Participant 

characteristics such as age, stature, weight and aerobic capacity are shown in Table 3-

1. Ten participants were entered into the study and this was approved by the ethics 

committee of the school of Science and Sport, University of the West of Scotland. 
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Participants recruited were staff and students from the University of the West of 

Scotland, Hamilton Campus. All procedures were conducted in accordance with the 

declaration of Helsinki. 

 

Table 3-1: Participant Characteristics. Values are mean ± SD; N, number of subjects; F, 

female; M, male; aerobic capacity (VO2max) and maximal cycling work rate (WRmax). 

Participant Characteristics 

Number (N) 

(F/M) 
Age (Y) 

Stature 

(cm) 
Weight (kg) 

VO2max 

(ml/kg-1/min-1) 
WRmax  (W) 

10 ( 2 / 8 ) 28.3 Ñ 6.7 168 Ñ 30 68.53 Ñ 14.7 197 Ñ 5.4 134 ± 61.3 

 

 

3.2.3    Experimental Design  
 

Each participant visited the laboratory on two separate occasions to complete two 

cycling exercise trials. The first was an incremental exercise test until exhaustion in 

order to determine VO2max and the second was a 45 min submaximal exercise test. 

Urine samples were collected the day before, the day of and the day after the 

submaximal exercise test (Figure 3-1). Participants were asked not to exercise 24h 

prior to the maximal test and for the duration of the urine collection period other than 

the submaximal trial. They were also asked to refrain from the consumption of alcohol 

24h before each test, caffeine for 6h before testing, or consume anything other than 

water for 3h before testing.  
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Figure 3-1: Indicative representation of urine collection schematic. The first urine sample on 

each day was the first pass after waking (typically 6 amï8 am).urine sample was collected at 

mid-stream on each time.  

 

3.2.4    VO2max  Test  

On their first visit after standard anthropological measurements, VO2max and maximal 

cycling work rate (WRmax) were measured using a continuous graded exercise test on 

an electronically braked cycle ergometer (Lode Excalibur, Groningen, The 

Netherlands) maintaining an initial workload of 50 W. Work rate was increased in a 

ramp protocol at a rate of 15 W/min until the participant could no longer maintain a 

cadence of 50 rpm at which point the test was stopped. Throughout the test heart rate 

was measured by telemetry (Polar Electro, Oy, Finland) and expired gas was measured 

breath by breath via indirect calorimetry (Medgraphics, Milan, Italy) and analysed for 

respiratory variables. The indirect calorimeter was calibrated immediately prior to 

each test using calibration and reference gases (calibration gas: 12% O2, 5% CO2; 

reference Gas: 21% O2, 0% CO2). Volume was calibrated using a 3L syringe. 
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Following data collection, VO2max data was filtered to delete values that were less than 

or greater than the rolling seven breathe mean ± two standard deviations. All ten 

participants obtained a plateau in VO2max (as determined by a rise in VO2max of <50% 

of the expected increase for the given WRmax) fulfilling the criteria for VO2max.  

Smoothed data was subsequently averaged over a rolling seven breath mean and the 

largest value obtained was determined as the participantôs VO2max. 

 

3.2.5    Submaximal Test  

Participants cycled on an electronically braked cycle ergometer at light and moderate 

intensities for a total duration of 45 min. The exercise protocol comprised of a 5min 

warm up at 50W, 15 min at 40% of WRmax (established from the initial VO2max test), 

15min at 50% WRmax, and 10 min at 60% WRmax. Heart rate and expired gas were 

continuously monitored throughout as previously described in section 3.2.4. 

 

3.2.6     Sample Collection and Preparation  

120 samples obtained from the subjects were collected at mid-stream on different drop-

off points (Fig. 3-1) and moved on pre-labelled sterilised urine containers. The 

unopened urine containers were transported by ice box to the laboratory to be stored 

at -20°C until analysis. On the day of analysis, these samples were thawed at room 

temperature in order to be prepared for LC-MS analysis. Urine (200ɛl) was thoroughly 

mixed with 800ɛl of ACN, followed by centrifugation at 10000 rpm for 5min; 800ɛl 

of supernatant was then transferred to a LC auto-sampler vial (Thermo Fisher, UK). 

The instrumental variation was also minimised by running the 12 samples for each 

subject in blocks followed by pooled samples. Due to the final normalisation is subject 
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specific, rather than being based on the full cohort this reduces the impact of technical 

variations in a long run. Samples were designated as follows D=day, S=sample number 

within a day e.g. D1S1 = day1 sample 1. Pooled samples were interspersed throughout 

the run to check for technical variation. Within the blocks of 12 the samples for each 

participant, ten pooled samples were randomised. Four standard mixtures containing 

220 standards were run also with the samples. Details of the urine samples for LC-MS 

running order are given in Table 3-S1 in supplementary data (Appendix-1). 

 

3.2.7    LC-MS Method  

LC-MS data were acquired on Dionex Ultimate 3000 HPLC (Thermo Fisher 

Scientific) coupled to an Exactive Orbitrap (Thermo Fisher Scientific) in both positive 

and negative mode set at 50,000 resolution (controlled by Xcalibur version 2.1.0; 

Thermo Fisher Corporation). The mass scanning range was mùz 75ï1200, the capillary 

temperature was 320 oC and the sheath and auxiliary gas flow rates were 50 and 17 

arbitrary units, respectively. The separation was performed on a ZIC-pHILIC column 

(150 x 4.6mm, 5ɛm from HiChrom, Reading UK) in binary gradient mode. The used 

mobile phase was (A) 20 mM ammonium carbonate buffer (pH 9.2) and (B) pure 

ACN; the flow rate was 300 ɛL.min-1. The gradient was programed for 46min as 

shown in Table 3-2. The injection volume was 10ɛL and the sample tray temperature 

was controlled at 12oC during the measurement. Samples were run in a stratified 

method with between subject samples placed in randomised order. Due to The 

Exactive Orbitrap does not have the capability of performing selected ion 

fragmentation using collision induced dissociation (CID), it cannot be used to do 
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MS/MS. Therefore MS2 spectra were obtained with CID (35V) by using an LTQ-

Orbitrap under the same conditions described in section 2-5-4. 

 

Table 3-2: The gradient programme 

Time 

(min) 

Mobile Phase Flow Rate 

(µl/min)  A%  B% 

0.00 20 80 300 

30.00 80 20 300 

31.00 92 8 300 

36.00 92 8 300 

37.00 20 80 300 

46.00 20 80 300 

 

 

3.3    LC-MS Data Processing and Statistical Analysis  

Raw files obtained from the LC-MS approach were converted to mzXML file 

(ProteoWizard) and separated into ESI positive and negative. Converted mzXML files 

were processed by using m/z Mine 2.14 (Pluskal et al., 2010) and searched against an 

in house metabolite database in order to identify the metabolites. Graphical 

representations, tabular features and statistical analysis (p-value generation) were 

performed in Excel (Microsoft Office 2013). The mean of the peak areas for each 

metabolite across the samples within each day was calculated and then the area for 

each metabolite was divided by the mean. This provided a subject-specific 

normalisation within the non-exercise and exercise days. All subsequent metabolite 

responses, paired t-test and fold changes (ratio) were conducted on new data set. 

SIMCA-P version 14.0 (Umetrics, Sweden) was used for multivariate analysis which 

included PCA, OPLSDA and OPLS. The data were centred, and Pareto scaled for PCA 
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and OPLS-DA and OPLS in order to generate S-plots for visualisation of the 

components with significant influence in the dataset.  In S-plot, the metabolites far to 

the upper right and to the lower left are closely associated with differences between 

assigned groups. 

 

 

3.4    Results  

3.4.1  Physiological Responses to Submaximal Exercise  

The mean VO2max at 40%, 50%, and 60% of WRmax was 21.2 ± 2.5 mL/kg-1/min-1, 

25.8 ± 2.5 mL/kg-1/min-1, and 30.8 ± 4.1 mL/kg-1/min-1, respectively. The mean HR 

during the submaximal exercise test was 115 ± 12.8 bpm, 156 ± 14 bpm, and 169 ± 

13.6 bpm and 40%, 50%, and 60% or WRmax, respectively. 

 

3.4.2  Metabolite Profiling  

Longitudinal sampling of urine provides a non-invasive method that provides rich data 

sets produces samples with greater volume than plasma as well as containing higher 

concentrations of particular metabolite over the period between samplings. In contrast, 

even if plasma is taken frequently, it will always represent an open system where 

taking a sample at a slightly different time might give a different answer. In this study, 

a 37h protocol was used (Figure 3-1) in order to generate an understanding of the acute 

effects of exercise and the duration of that response in the metabolite profiles. In 

addition, sampling on the pre-exercise day allowed observation of metabolite 

variations occurring as a diurnal rhythm. The output from data extraction followed by 
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searching against the data base yielded metabolites which were identified to MSI levels 

1 or 2 (Sumner et al., 2007) according to either exact mass (with <3 ppm deviation) or 

exact mass plus retention time matching to a standard (Table 2-S1).  

Figure 3-2 shows the PCA analysis of the raw un-normalised peak area data for the 

comparison of the day 2 first (D2S1) and third (D2S3-first post-exercise) samples. 

There was no classification of the samples by PCA when the raw data was used as the 

basis of the model and it was also not possible to fit an OPLSDA model to this data 

set.  

Thus in order to compare metabolites on the same axis the areas for each metabolite 

across all the time-points for day 1 and day 2 were averaged for each individual and 

then each metabolite area at each time-point was divided by the average to give the 

proportion contributed to the total output during the day. This approach was similar to 

that used in previous study of our group and was discussed at some length in that paper 

(Daskalaki et al., 2015a). Figure 3-3 shows the PCA separation of 19 out 20 samples 

in the current study for the D2S1 and D2S3 following normalisation to individual 

metabolic output over the five urine samples taken collected during day 2. One sample 

was excluded because there were problems with the analytical run which may due to 

the fault in collection or preparation of sample. It is clear that there is a marked 

difference in metabolite profile between the two groups. The same comparison on day 

1 between the first (D1S1) and third (D1S3) samples of the day, where there was no 

exercise intervention, did not yield as clear cut a separation although there was some 

evidence of division into two sample types. The PCA model shown in Figure 3-4 gave 

a clear separation when one individualôs samples (GS) on day 2 were excluded from 

the model. 
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Table 3-3 summarises univariate comparisons for all the metabolites that are 

significantly changed between D2S3 in comparison with the rest (S1) of the day 2 (D2) 

samples and D1S3 with the rest (S1) of the day1 (D1) samples. OPLSDA models of 

the data were made in order to get a clearer picture of the differences between the first 

and third samples on day 2 and day 1. There are a large number of changes and such 

models emphasise the importance of key variables as VIPs. 

 

 

Figure 3- 2: PCA comparing D2S1 (green) and D2S3 (blue) samples based on the peak areas 

for the raw data (un-normalised). The samples are labelled according to Table 3-S1 as shown 

in Appendix-I. 
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Figure 3-3: Separation of D2S1 (green) from the post exercise D2S3 (blue) samples by using 

PCA [R2X(cum)=0.548, Q2(cum)=0.295, three components] following normalisation to 

individual metabolic output on day 2 

 

 

Figure 3-4: Separation of day 1 first void (D1S1-green) and third samples (D1S3-blue) by 

using PCA (R2X (cum) 0.536, Q2 (cum) 0.263, three components). 
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Table 3-3: Summarises univariate comparisons for all the metabolites that are appeared in comparison between first sample post-exercise (S3) with the rest of samples in both days 

(D1 and D2). 

Metabolites Day 2 (D2) Day 1 (D1) 

m/z RT Name 
S3 - S1  S3 - S2  S3 - S4  S3 - S5  S3 - S1 S3 - S2 S3 - S4  S3 - S5  
P value Ratio P value Ratio P value  Ratio P value  Ratio P value Ratio P value Ratio P value Ratio P value Ratio 

Purine metabolism                                 

137.046 10.8 Hypoxanthine <0.001 3.748 <0.001 3.463 <0.001 5.203 <0.001 5.934 0.516 0.832 0.374 0.713 0.679 0.846 0.772 0.898 

152.057 13.1 Guanine 0.018 2.562 0.009 2.960 0.002 6.015 0.006 3.521 na na na na na na na na 

178.072 10.8 Methyl-H2-pterin <0.001 3.942 0.000 3.462 0.000 5.422 0.000 6.094 0.564 0.848 0.379 0.718 0.643 0.830 0.729 0.882 

253.093 9.2 Deoxyinosine 0.009 4.971 na na Na na na na na na na na na na na na 

165.042 13.8 Methylxanthine 0.030 0.768 0.254 1.163 0.900 0.987 0.421 1.089 0.089 0.787 0.916 1.017 0.958 0.992 0.532 0.896 

165.042 8.9 Methylxanthine 0.035 0.673 0.135 1.409 0.112 1.446 0.741 0.935 0.068 0.735 0.699 1.074 0.998 1.000 0.533 0.896 

167.021 13.5 Urate 0.015 0.748 0.688 0.959 0.663 0.948 0.931 0.989 <0.001 0.534 0.333 0.824 0.491 0.883 0.023 0.676 

181.037 10.8 1-Methyluric acid 0.008 0.594 0.264 1.232 0.109 1.365 0.997 0.999 0.012 0.561 0.941 0.981 0.993 1.002 0.333 0.798 

269.088 11.5 Inosine 0.025 16.274 0.040 7.292 Na na 0.032 9.781 0.947 0.967 0.667 1.240 0.331 1.699 0.477 1.472 

285.083 13.1 Xanthosine 0.011 2.327 0.002 3.983 0.002 3.933 0.012 2.440 0.012 0.506 0.350 0.737 0.290 0.708 0.183 0.641 

296.135 17.7 N6,N6-Dimethyladenosine 0.197 2.390 0.104 3.656 0.047 9.091 0.036 19.294 0.002 0.491 0.192 0.769 0.508 0.903 0.350 0.851 

Carnitines                                 

202.109 5.8 Hydroxyhepanoylglycine 0.003 1.763 0.001 2.117 0.006 1.805 0.002 1.863 0.238 1.276 0.981 1.003 0.574 0.875 0.165 0.751 

218.139 6.0 Propanoylcarnitine 0.032 0.359 0.048 10.710 0.153 3.112 0.277 2.292 0.095 0.732 0.363 1.124 0.143 0.762 0.009 0.710 

248.149 12.1 Hydroxybutyrylcarnitine 0.414 1.213 0.059 1.402 0.886 1.035 0.350 0.820 0.304 0.824 0.464 0.857 0.359 0.781 0.074 0.643 

274.201 6.9 Heptanoylcarnitine 0.220 1.206 0.003 1.751 0.014 1.526 0.465 1.106 0.120 0.779 0.547 0.902 0.741 0.942 0.626 0.913 

314.234 5.6 Decanoyl carnitine 0.010 1.562 0.000 2.046 0.001 2.153 0.007 1.744 0.079 0.682 0.391 0.825 0.742 0.914 0.659 0.897 

300.218 6.0 Nonanoylcarnitine 0.015 1.632 0.003 2.096 0.003 2.083 0.057 1.450 0.064 0.604 0.499 0.850 0.789 0.932 0.682 0.890 

330.227 6.6 Keto-decanoylcarnitine 0.032 1.606 0.001 2.143 0.003 2.022 0.269 1.222 <0.001 0.453 0.345 0.814 0.588 0.896 0.481 0.871 

368.279 5.1 Tetradecadiencarnitine 0.158 1.719 0.004 4.727 0.004 4.243 0.041 2.177 na na na na na na na na 

Steroids                                 

539.25 6.7 Tetrahydroaldosterone-3-glucuronide 0.007 1.618 0.038 1.423 0.002 1.799 0.000 2.082 0.369 1.211 0.847 1.037 0.531 1.128 0.189 1.316 

539.25 7.9 Tetrahydroaldosterone-3-glucuronide 0.157 1.364 0.009 1.736 0.007 1.797 0.002 1.949 0.699 1.089 0.616 0.885 0.618 1.106 0.335 1.230 

413.2 4.2 Tetrahydrocorticosterone sulfate or isomer 0.124 1.371 0.412 1.188 0.023 1.724 0.032 1.647 0.672 1.098 0.980 0.995 0.198 1.337 0.053 1.563 

367.158 3.9 Hydroxyandrosteone sulfate 0.037 1.572 0.806 0.949 0.171 1.395 0.147 1.442 0.319 1.227 0.453 0.872 0.208 1.275 0.031 1.499 
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Metabolites Day 2 (D2) Day 1 (D1) 

m/z RT Name 
S3 - S1  S3 - S2  S3 - S4  S3 - S5  S3 - S1 S3 - S2 S3 - S4  S3 - S5  
P value Ratio P value Ratio P value  Ratio P value  Ratio P value Ratio P value Ratio P value Ratio P value Ratio 

Bile acids                                 

405.265 5.6 Dihydroxy-oxo-cholanate 0.004 0.441 0.783 0.924 0.144 1.582 0.437 1.210 0.078 0.512 0.869 0.930 0.765 1.153 0.297 0.613 

583.312 10.3 Cholicacidglucuronide 0.000 0.273 0.246 0.608 0.657 1.227 0.347 1.564 0.006 0.170 0.775 0.790 0.676 1.495 0.120 0.338 

583.312 11.5 Cholicacidglucuronide 0.003 0.227 0.262 0.597 0.447 1.731 0.754 1.229 0.018 0.316 0.539 0.735 0.964 0.976 0.108 0.444 

Glycolysis Krebs                                 

87.0092 8.6 Pyruvate 0.256 1.179 0.013 1.450 0.076 1.290 0.150 1.229 0.017 0.565 0.485 0.816 0.288 0.815 0.490 0.874 

89.0242 10.2 (R)-Lactate 0.018 2.188 0.106 1.581 0.234 1.347 0.078 1.634 0.867 1.041 0.161 0.572 0.137 0.713 0.708 0.905 

Dicarboxylic acids                                 

173.082 13.2 Suberic acid 0.039 0.519 0.598 0.804 0.944 0.983 0.386 0.784 0.001 0.474 0.353 0.828 0.889 1.040 0.311 1.342 

199.097 11.1 Decenedioic acid 0.007 0.490 0.497 1.132 0.669 0.924 0.034 0.636 0.412 0.959 0.110 1.094 0.805 0.988 0.169 1.079 

217.108 13.0 Hydroxysebacicacid 0.066 0.530 0.498 0.816 0.715 0.883 0.649 0.879 0.120 0.535 0.228 0.679 0.983 1.008 0.203 0.643 

Neurotransmitters                                 

101.024 12.7 2-Oxobutanoate 0.030 1.212 0.250 1.119 0.639 0.967 0.341 1.087 0.690 0.953 0.429 0.930 0.772 0.972 0.519 0.951 

104.071 14.9 4-Aminobutanoate 0.000 0.737 0.148 0.901 0.114 0.879 0.042 0.845 0.003 0.801 0.784 0.978 0.502 0.940 0.172 0.900 

182.997 17.0 hydroxybutyric acid sulfate <0.001 2.172 0.000 1.577 0.001 1.652 0.000 2.867 0.519 1.133 0.990 0.998 0.706 0.943 0.069 1.473 

198.113 16.8 L-Metanephrine 0.082 3.000 0.130 2.396 0.522 1.433 0.032 5.781 0.074 0.762 0.311 0.807 0.251 0.813 0.206 0.707 

246.992 12.8 
dihydroxy phenyl acetic acid sulfate or 
isomer 

0.020 1.442 0.005 1.652 0.000 2.339 0.000 1.852 0.513 1.212 0.374 1.292 0.375 1.258 0.785 1.078 

261.007 10.5 Homovanillicacidsulfate 0.142 1.397 0.148 1.337 0.022 1.724 0.014 1.833 0.857 0.932 0.529 1.287 0.275 1.654 0.306 1.597 

263.023 8.5 
3-Methoxy-4-
hydroxyphenylethyleneglycolsulfate 

0.071 1.385 0.005 1.847 0.005 1.890 0.011 1.685 0.405 0.833 0.724 1.084 0.681 1.087 0.602 1.119 

Pyrimidine metabolism                                 

111.02 15.3 Uracil 0.013 1.230 0.005 1.222 0.001 1.325 0.048 1.166 0.598 0.942 0.761 0.977 0.292 1.103 0.132 1.144 

126.066 13.4 Methylcytosine 0.137 1.221 0.011 1.474 0.001 1.770 0.003 1.604 0.059 0.741 0.517 0.907 0.565 1.070 0.935 1.011 

155.01 10.8 Orotate 0.032 1.343 0.618 0.922 0.390 0.884 0.147 1.263 0.061 1.397 0.947 1.011 0.407 1.161 0.016 1.528 

Collagen metabolism                                 

173.092 13.3 Glycylproline <0.001 0.540 0.158 0.834 0.002 0.510 0.057 0.700 0.820 1.064 0.265 1.407 0.886 0.958 0.930  na 

187.109 13.6 Glycyl-leucine <0.001 0.708 0.463 0.913 0.305 0.894 0.997 1.000 0.006 0.702 0.079 0.777 0.020 0.733 0.050 0.797 
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Metabolites Day 2 (D2) Day 1 (D1) 

m/z RT Name S3 - S1  S3 - S2  S3 - S4  S3 - S5  S3 - S1 S3 - S2 S3 - S4  S3 - S5  
P value Ratio P value Ratio P value  Ratio P value  Ratio P value Ratio P value Ratio P value Ratio P value Ratio 

Amino acid metabolites                                 

118.051 12.0 Threonine 0.001 0.641 0.714 1.057 0.229 1.199 0.547 1.083 0.685 1.063 0.272 0.852 0.659 0.937 0.617 1.075 

128.035 13.1 Pyrrolinehydroxycarboxylate 0.071 1.750 0.104 1.669 0.054 1.813 0.027 2.110 0.879 1.054 0.970 1.009 0.285 1.296 0.327 1.296 

131.046 15.8 Asparagine 0.003 0.761 0.000 0.645 0.009 0.757 0.158 0.856 0.928 0.989 0.512 0.930 0.397 0.897 0.496 0.910 

132.102 11.3 Leucine 0.030 0.593 0.533 0.836 0.267 0.744 0.039 0.552 0.061 0.675 0.361 0.826 0.303 0.811 0.485 0.878 

148.043 14.0 Methionine 0.002 0.582 0.917 1.021 0.617 0.923 0.404 0.853 0.011 0.612 0.005 0.655 0.015 0.657 0.010 0.683 

176.038 10.4 N-Formyl-L-methionine 0.010 0.504 0.568 1.152 0.945 0.984 0.723 0.911 0.051 0.441 0.132 0.575 0.059 0.496 0.215 0.668 

206.082 5.5 N-Acetylphenylalanine 0.096 1.356 0.070 1.416 0.006 1.809 0.007 1.745 0.716 0.929 0.954 0.987 0.909 0.977 0.753 1.074 

267.047 11.7 Homocystine 0.031 1.662 0.004 2.248 0.003 2.374 0.002 2.504 na na na na na na na na 

173.057 12.2 N-Formiminoglutamate 0.092 0.781 0.141 0.785 0.343 0.832 0.710 0.937 0.003 0.514 0.842 1.046 0.180 0.768 0.474 0.886 

175.108 9.3 N-Acetylornithine 0.005 0.697 0.893 0.980 0.958 0.991 0.977 1.004 0.000 0.566 0.431 0.902 0.737 0.960 0.020 0.756 

187.072 11.4 N-Acetylglutamine 0.001 0.672 0.112 0.802 0.307 0.880 0.293 0.893 0.001 0.628 0.609 0.930 0.410 0.883 0.088 0.799 

188.103 14.8 
5-guanidino-3-methyl-2-oxo-
pentanoate 

0.438 1.136 0.094 1.306 0.431 1.103 0.001 1.850 0.002 0.480 0.362 0.807 0.048 0.694 0.045 0.686 

188.104 15.9 Homocitrulline 0.028 0.805 0.410 0.892 0.401 0.898 0.113 1.173 0.066 0.727 0.708 1.070 0.956 0.990 0.543 0.904 

209.092 11.3 Kynurenine 0.208 0.500 0.813 0.902 0.545 1.390 0.664 1.214 0.017 0.726 0.126 0.777 0.086 0.760 0.170 0.816 

216.099 11.8 N-Acetyl-citrulline 0.001 0.604 0.925 1.014 0.999 1.000 0.596 1.086 0.005 0.553 0.928 0.978 0.851 0.958 0.746 0.934 

221.092 6.8 5-Hydroxy-L-tryptophan isomer 0.058 2.245 0.111 1.900 0.476 0.775 0.374 1.424 0.530 0.952 0.973 0.998 0.209 0.875 0.383 0.914 

221.092 10.7 5-Hydroxy-L-tryptophan 0.017 0.592 0.684 1.111 0.816 0.948 0.733 0.921 0.001 0.523 0.198 0.814 0.167 0.812 0.249 0.852 

247.14 15.0 N2-(D-1-Carboxyethyl)-L-arginine <0.001 2.235 0.000 2.058 0.000 1.822 0.000 3.187 0.323 0.823 0.476 0.823 0.235 0.764 0.300 0.777 

245.093 13.0 N-Acetyl-D-tryptophan 0.007 0.676 0.482 0.934 0.695 1.035 0.581 0.942 0.420 0.841 0.919 1.023 0.738 1.076 0.514 1.159 

247.073 9.5 5-Hydroxyindoleacetylglycine 0.109 0.534 0.495 1.420 0.589 0.799 0.551 0.772 0.474 0.823 0.619 1.148 0.984 1.006 0.366 1.300 

253.051 11.1 5-L-Glutamyl-taurine 0.001 0.434 0.512 1.235 0.918 1.031 0.626 0.856 0.056 0.778 0.642 0.930 0.548 0.910 0.275 0.855 
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Metabolites Day 2 (D2) Day 1 (D1) 

m/z RT Name S3 - S1  S3 - S2  S3 - S4  S3 - S5  S3 - S1 S3 - S2 S3 - S4  S3 - S5  
P value Ratio P value Ratio P value  Ratio P value  Ratio P value Ratio P value Ratio P value Ratio P value Ratio 

Sugars                                 

119.035 13.4 D-Erythrose 0.001 0.665 0.967 1.005 0.792 0.977 0.558 1.073 0.334 0.865 0.010 0.662 0.329 0.872 0.105 0.764 

119.035 10.9 D-Erythrose 0.027 0.725 0.924 1.017 0.259 1.246 0.423 1.158 0.032 0.630 0.017 0.594 0.069 0.684 0.021 0.614 

149.046 11.1 D-Ribose 0.003 0.696 0.024 1.333 0.254 1.134 0.121 1.209 0.282 1.134 0.764 1.025 0.186 1.154 0.924 0.989 

151.061 13.6 Xylitol 0.016 0.734 0.238 1.207 0.397 1.143 0.442 1.130 0.036 0.617 0.012 0.572 0.035 0.631 0.031 0.637 

163.061 9.9 L-Rhamnose 0.025 0.667 0.568 1.115 0.810 0.966 0.445 0.897 0.125 0.715 0.039 0.646 0.022 0.590 0.026 0.610 

165.04 8.9 L-Arabinonate 0.023 0.648 0.185 1.365 0.052 1.738 0.923 0.977 0.072 0.600 0.160 0.697 0.029 0.547 0.483 0.824 

181.072 14.7 D-Sorbitol 0.050 0.699 0.598 1.075 0.800 1.039 0.172 1.261 0.126 0.653 0.070 0.598 0.047 0.555 0.144 0.666 

193.036 15.2 D-Glucuronate 0.018 0.628 0.914 0.986 0.903 0.987 0.391 1.102 0.244 0.846 0.085 0.789 0.165 0.803 0.924 0.978 

341.109 13.7 Sucrose 0.028 0.608 0.640 1.111 0.228 0.781 0.036 1.788 0.090 0.705 0.300 0.846 0.189 0.808 0.970 1.011 

Vitamins co-factors                                 

132.077 15.4 Creatine 0.011 0.538 0.235 1.329 0.904 1.031 0.061 0.558 0.018 0.440 0.674 0.852 0.806 0.925 0.098 0.468 

168.066 9.8 Pyridoxal 0.021 5.496 0.019 5.580 0.391 1.441 0.971 1.016 0.875 0.944 0.471 0.784 0.047 0.481 0.152 0.476 

175.025 16.9 Ascorbate 0.062 1.274 0.309 0.844 0.399 0.892 0.195 1.233 0.404 0.796 0.954 1.018 0.121 0.665 0.231 0.627 

220.118 9.4 Pantothenate 0.008 1.403 0.002 1.575 0.041 1.407 0.019 1.538 0.937 0.987 0.516 0.904 0.214 0.837 0.524 0.889 

240.109 13.3 Dihydrobiopterin 0.227 1.195 0.007 1.584 0.004 1.903 0.001 1.634 0.012 0.551 0.451 0.842 0.237 0.807 0.397 0.844 

252.074 14.7 Neopterin 0.016 0.608 0.449 1.181 0.341 1.238 0.828 1.056 0.046 0.455 0.801 1.111 0.732 0.884 0.784 0.902 

375.13 8.1 Riboflavin 0.013 0.660 0.114 1.315 0.313 1.202 0.529 0.904 0.032 0.500 0.715 0.909 0.708 0.898 0.827 1.058 

Microbiome                                 

153.02 14.0 2,5-Dihydroxybenzoate 0.078 1.324 0.111 1.319 0.034 1.580 0.016 1.576 0.884 0.964 0.705 1.096 0.271 1.302 0.193 1.415 

192.067 6.0 Phenylacetylglycine 0.004 1.759 0.210 1.295 0.014 1.747 0.001 2.106 0.277 0.756 0.364 0.822 0.424 0.830 0.520 0.825 

197.046 9.8 3-(3,4-Dihydroxyphenyl) lactate 0.025 1.426 0.001 1.918 0.004 1.742 0.003 1.760 0.383 0.855 0.895 1.026 0.753 1.057 0.666 1.081 

367.104 6.7 O-Feruloylquinate 0.054 1.745 0.366 1.296 0.416 1.245 0.524 0.813 0.018 2.413 0.816 0.922 0.199 0.700 0.423 1.239 
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There was a very clear separation of D2S1 and D2S3 (Figure 3-5) obtained by using 

OPLSDA for classifying D2S1/D2S3 samples. The cross validation plot indicated a 

strong model as can be seen in Figure 3-6 where all the points for the blue squares are 

below the blue square on the right and the plot intersects the y-axis below 0, and the 

CV Anova score for the model was 0.0029. However, a clear separation was also found 

between the D1S1 and D1S3 samples as shown in (Figure 3-7) and the cross validation 

model for this was also good (figure 3-8) where the CV ANOVA for this model was 

0.00097. Thus the composition of the metabolites in urine varies markedly throughout 

the day whether exercise is used as an intervention or not. 

 

 

Figure 3-5: Separation of D2S1 (green) and D2S3 (blue) samples by using OPLSDA based 

on 3078 features. R2X(cum)=0.35, R2Y(cum)=0.99, Q2(cum)=0.77), and three components.
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Figure 3-6: Cross validation model for the classification of D2S1and D2S3 by OPLSDA. 

 

 

 

Figure 3-7: Separation of D1S1 (green) and D1S3 (blue) by OPLSDA based on 3540 features. 

R2X(cum)=0.56, R2Y(cum)=0.997, Q2(cum)=0.847 and four components. 
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Figure 3-8: Cross validation of the separation of D1S1 and D1S3 by OPLSDA. 

 

Figure 3-9 shows an S-plot highlighting the features with the most impact (largest 

VIPs), table 3-S2, on the OPLSDA model for the D2S3 and D2S1 samples. In many 

cases, exact identity of these features is poorly defined. Some of the metabolites match 

the retention times of analytical standards or are well known urinary metabolites. 

Figure 3-10 shows an S-plot highlighting the features with the most impact on the 

OPLSDA model for the D1S1 and D1S3 samples as listed in Table 3-S3. However, 

some of the important changes in metabolites between the equivalent time points on 

day 1 and day 2 are similar. 

Table 3-4 shows the metabolites which are important in the OPLSDA model for the 

D2S3 and D2S1 samples shown in Figure 3-5 in comparison with the D1S1 and D1S3 

samples shown in Figure 3-6. The highlighted metabolites have been identified with 

some confidence, the majority have p-values < 0.05. Application of the Benjamini-

Hochberg FDR statistical test (Benjamini and Hochberg, 1995, McDonald, 2014) with 
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Q = 0.1 and including 1000 metabolites indicated that all metabolites with a p-value < 

0.05 can be regarded as being significantly changed following exercise.  

 

Figure 3-9: S-plot for OPLSDA model of D2S3 vs D2S1 highlighting the metabolites listed in 

Table 3-S2. The blue colour has a high p (corr) which means a very high reliability while the 

red has a high model influence partly due to its high variance in the dataset. 

 

Figure 3-10: S-plot for OPLSDA model of D1S3 vs D1S1 highlighting the metabolites listed 

in Table 3-S3. The blue colour has a high p (corr) which means a very high reliability while 

the red has a high model influence partly due to its high variance in the dataset. 



  

Page | 90  

 

Table 3-4: Metabolites differing between D2S1 and D2S3 in comparison with D1S1 and D1S3. 

* Matches retention time of standard. ** Same elemental composition as the standard but 

different retention time. na = not detected in these samples. Matches retention time of standard. 

na = not detected in these samples. ÿSame elemental composition as acetyl carnitine but 

retention time much earlier. *** Application of the Benjamin-Hochberg false discovery rate 

with Q = 0.1 and including 1000 features in the test indicated that all p-values < 0.05 are 

significant. 

Polari

ty 
m/z Rt Metabolite 

D2S3D2S1 D1S3D1S1 

P value*** Ratio P value*** Ratio 

Purine Metabolism 

P 137.046 10.8 *Hypoxanthine <0.001 3.75 0.516 0.832 

P 152.057 13.1 *Guanine 0.02 2.56 na  na  

N 167.021 13.5 *Urate 0.015 0.748 <0.001 0.534 

N 181.037 10.8 1-Methyluric acid 0.01 0.59 0.012 0.561 

P 253.093 9.2 Deoxyinosine 0.01 4.97 not  not  

P 269.088 11.5 *Inosine 0.02 16.27 0.947 0.967 

P 285.083 13.1 *Xanthosine 0.01 2.33 0.012 0.506 

P 282.12 13.9 Methyladenosine 0.24 0.856 <0.01 0.516 

P 296.136 17.8 Dimethyladenosine 0.20 2.390 <0.01 0.491 

P 312.13 9.2 Dimethylguanosine 0.90 0.983 <0.003 0.562 

Steroids 

N 367.158 3.9 Testosterone sulfate 0.04 1.57 0.319 1.23 

N 539.25 6.7 
Tetrahydroaldosterone 

glucuronide 
<0.01 1.62 0.369 1.21 

Sugar metabolism 

N 87.0092 8.6 *Pyruvate 0.256 1.179 0.017 0.565 

N 89.0242 10.2 *Lactate 0.02 2.19 0.867 1.04 

N 151.061 13.6 *Xylitol or isomer 0.016 0.734 0.036 0.617 

N 163.061 9.9 * Rhamnose  or isomer 0.025 0.667 <0.01 0.629 
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 165.04 8.9 Arabinonate 0.023 0.648 <0.01 0.520 

N 181.072 14.7 *Sorbitol or isomer 0.05 0.70 0.126 0.653 

N 193.036 15.2 * Glucuronate or isomer 0.018 0.628 0.024 0.641 

Neurotransmitter metabolism 

N 101.024 12.7 Oxobutanoate 0.030 1.212 0.690 0.953 

P 104.071 14.9 *4-Aminobutanoate < 0.001 0.737 0.003 0.801 

N 182.997 17.0 
Hydroxybutyric acid 

sulfate 
<0.001 2.172 0.519 1.133 

P 198.113 16.8 *Metanephrine 0.082 3.000 0.074 0.762 

N 246.992 12.8 
Dihydroxy phenyl acetic 

acid sulfate or isomer 
0.020 1.442 0.513 1.212 

N 261.007 10.5 Homovanillicacid sulfate 0.142 1.397 0.857 0.932 

N 263.023 8.5 

Methoxyhydroxy 

phenylethyleneglycol 

sulfate 

0.071 1.385 0.405 0.833 

Fatty acid conjugates 

N 202.109 5.8 
Ờ Hydroxyhepatonyl 

glycine 
<0.01 1.76 0.238 1.276 

P 218.139 6.0 Propanoylcarnitine 0.03 0.360 0.363 1.124 

P 288.217 6.4 Octanoylcarnitine 0.5397 1.115 0.002 0.540 

P 300.218 6.0 Nonanoyl carnitine 0.015 1.63 0.499 0.850 

P 314.234 5.6 Decanoyl carnitine 0.01 1.56 0.391 0.825 

P 330.227 6.6 Keto-decanoylcarnitine 0.032 1.61 0.499 0.850 

Bile Acids 

N 405.265 5.6 Dihydroxyoxocholanate <0.01 0.44 0.078 0.512 

N 407.281 6.6 Cholic acid <0.01 0.34  <0.01 0.340 

N 583.312 10.3 Cholic acid glucuronide <0.01 0.27 < 0.01 0.170 
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N 583.312 11.5 Cholic acid glucuronide <0.01 0.23 <0.01 0.170 

Amino acids and their metabolites 

N 118.051 12.0 *Threonine <0.01 0.64 0.685 1.06 

N 131.046 15.8 *Asparagine <0.01 0.76 0.879 1.05 

P 132.102 11.3 *Leucine 0.030 0.593 0.061 0.675 

N 148.043 14.0 *Methionine <0.01 0.58 0.061 0.675 

P 161.128 23.0 Methyllysine 0.114 1.526 0.002 2.669 

N 172.098 6.1 N-Acetylleucine <0.01 0.65 0.010 0.590 

P 175.108 9.3 
**N -Acetylornithine 

isomer 
<0.01 0.70 < 0.01 0.566 

N 187.072 11.4 * N-Acetylglutamine <0.01 0.67 < 0.01 0.628 

P 221.092 6.8 
**5 -Hydroxytryptophan 

isomer 
0.06 2.24 0.530 0.952 

N 214.028 14.0 Chlorotyrosine 0.04 2.09 < 0.01 2.91 

N 216.099 11.8 N-Acetylcitrulline < 0.01 0.60 < 0.01 0.570 

P 219.134 13.7 Carboxyethyllysine <0.01 0.65 <0.01 0.467 

P 247.14 15.0 Carboxyethylarginine < 0.01 2.23 0.022 0.544 

Collagen metabolism 

P 173.092 13.3 Glycylproline <0.001 0.54 0.820 1.064 

P 189.123 13.6 Glycylleucine <0.001 0.72 0.001 0.370 

Vitamins and CoNfactors 

P 132.077 15.4 * Creatine 0.011 0.538 0.018 0.440 

P 220.118 9.4 *Pantothenate <0.01 1.40 < 0.01 0.529 

N 375.13 8.1 * Riboflavin 0.013 0.66 0.032 0.500 

Microbial Metabolites 

N 153.02 14.0 Dihydroxybenzoate 0.078 1.324 0.884 0.964 

N 192.067 6.0 Phenylacetylglycine <0.01 1.76 0.277 0.756 

N 197.046 9.8 Dihydroxyphenyllactate 0.025 1.43 0.383 0.855 
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Thus, overall, the number of changes observed as a result of exercise were fewer in 

previous smaller study of laboratory group (Daskalaki et al., 2015a). While some of 

the changes were consistent with related previous observations particularly with regard 

to the impact on several purine metabolites and effects on carnitines. In the current 

study the level of exercise was more carefully controlled than in the previous study 

and the subjects were in a narrow age range. The additional measure which was made 

in the current study was the determination of VO2max for each of the subjects. 

OPLS modelling was used to predict VO2max from the metabolic pattern in urine post-

exercise. A weakly fitted model was built by using the D2S3 and fourth samples of 

day 2 (D2S4) and then discarding variables of low importance with VIP values < 1. 

There seems to be no standard way to build such models and it is easy to be misled 

with regard to their robustness when several variables are used. It is quite surprising 

how easy it is for software to fit a model based on even a few variables when the 

number of samples is low. Eventually, by reducing the number of variables, it was 

possible to produce a plot of predicted against measure VO2max based on a single 

putatively identified as being an oxoaminohexanoic acid (OHA) (Figure 3-11). The 

correlation of predicted VO2max and measured VO2max against normalised level of 

OHA gave R2 = 0.8589. The formula for the marker compound matched that of 11 

compounds in METLIN database (Scripps, 2016) although there are no MS/MS 

spectra for any of these compounds in the database. Only seven of these compounds 

have an amine group which would be required for the retention time to be 13.2min on 

the HILIC column as observed for the current compound. Three of the isomers occur 

in the lysine degradation pathway. The marker is an abundant compound in urine and 
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two main isomers of it occur in urine with the marker compound the later running of 

the pair of isomers (extracted ion trace Figure 3-12). 

 

Figure 3-11: Plot of measured against predicted VO2max against normalised levels of OHA. 

 

 

Figure 3-12: Extracted ion trace for OHA isomers in urine comparing a pre- and post-exercise 

sample for samples D2S1 and D2S3 for a subject with VO2max 53.4. 
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The MS2 spectrum (Figure 3-13) showed losses of formic acid and water, confirming 

the presence of a carboxylic acid group followed by loss of a hydroxyl group but not 

much else. Since it seemed likely that this marker compound was in the lysine 

degradation pathway, another model was constructed to include all the metabolites 

present in the samples identified or putatively identified as being in the lysine 

degradation pathway according to the database search. Although it was possible to fit 

apparently strong models using several of these variables it was clear from the non-

significant CVANOVA scores that using several variables produced over-fitting and 

the majority of the predictive power belonged to OHA. Table 3-5 shows all the 

predicted values for VO2max based on a linear plot of the normalised levels for OHA 

for each individual in each sample collected on day 2. The D2S3 samples have the best 

predictive power although some of the other data points are predictive and this was 

generally in the case for the samples that did not have a strong spike in OHA post-

exercise and hence are those with lower VO2max values. Thus, clearly, the most 

important marker of VO2max is the compound putatively identified as OHA. The 

candidate marker compound was also assessed by using an alternative method of 

normalisation based on absolute peak areas. It was observed that the OHA isomer 

remained relatively constant between D2S1 and D2S3 in comparison to OHA. The 

plot shown in figure 3-14 is plots VO2max against the following ratio: 

(Area OHA D2S3 / Area OHA isomer D2S3) / (Area OHA D2S1 / Area OHA isomer 

D2S1) 

This simpler treatment produces a plot with R2 = 0.654. Although the R2 value for 

this plot is not as good as the peak area normalised to individual metabolic output, this 

gives some confidence that the observation is not an artefact of the data pre-treatment 
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which introduces additional smoothing into the data. Thus, OHA shows some promise 

as a predictor of VO2max. 

 

Figure 3-13: MS2 of oxoaminohexanoic acid obtained with a collision energy of 35V. 

 

 

Figure 3- 14: Plot of (area OHA D2S3/area OHA isomer D2S3)/ (area OHA D2S1/area OHA 

isomer D2S1). 
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Table 3-5: Predicted VO2max values for all samples of day-2 based on normalised response for 

OHA. 

Primary ID  Set 
OAHA 

Normalised Level 

Measured 

VO2max 

Predicted 

VO2max 

105 CE-D2S3 0.431 40 38.5 

65 CM-D2S3 0.464 40.7 38.9 

51 DM-D2S3 0.800 38.2 42.2 

24 GS-D2S3 1.225 48.3 46.5 

91 JW-D2S3 0.917 41.7 43.4 

12 LM-D2S3 1.749 53.4 51.7 

118 MB-D2S3 0.717 40.4 41.4 

78 MC-D2S3 0.000 33.5 34.3 

37 MW-D2S3 0.633 43 40.6 

128 NS-D2S3 1.554 47.9 49.7 

108 CE-D2S1 1.000 40 44.2 

68 CM-D2S1 1.069 40.7 44.9 

54 DM-D2S1 2.544 38.2 59.6 

27 GS-D2S1 1.532 48.3 49.5 

94 JW-D2S1 2.152 41.7 55.7 

15 LM-D2S1 0.335 53.4 37.6 

121 MB-D2S1 1.994 40.4 54.1 

81 MC-D2S1 1.989 33.5 54.1 

40 MW-D2S1 2.850 43 62.6 

133 NS-D2S1 0.399 47.9 38.2 

107 CE-D2S2 0.418 40 38.4 

67 CM-D2S2 0.812 40.7 42.3 

53 DM-D2S2 0.777 38.2 42.0 

26 GS-D2S2 0.634 48.3 40.6 

93 JW-D2S2 0.318 41.7 37.4 

14 LM-D2S2 1.624 53.4 50.4 

120 MB-D2S2 1.180 40.4 46.0 
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Primary ID  Set 
OAHA 

Normalised Level 

Measured 

VO2max 

Predicted 

VO2max 

80 MC-D2S2 1.419 33.5 48.4 

39 MW-D2S2 0.948 43 43.7 

132 NS-D2S2 1.320 47.9 47.4 

103 CE-D2S4 1.705 40 51.2 

63 CM-D2S4 1.384 40.7 48.0 

49 DM-D2S4 0.398 38.2 38.2 

22 GS-D2S4 0.867 48.3 42.9 

89 JW-D2S4 1.014 41.7 44.4 

10 LM-D2S4 0.937 53.4 43.6 

116 MB-D2S4 0.706 40.4 41.3 

76 MC-D2S4 0.666 33.5 40.9 

35 MW-D2S4 0.392 43 38.2 

129 NS-D2S4 1.671 47.9 50.9 

101 CE-D2S5 1.446 40 48.7 

61 CM-D2S5 1.270 40.7 46.9 

47 DM-D2S5 0.481 38.2 39.1 

20 GS-D2S5 0.743 48.3 41.7 

87 JW-D2S5 0.599 41.7 40.2 

8 LM-D2S5 0.355 53.4 37.8 

114 MB-D2S5 0.403 40.4 38.3 

74 MC-D2S5 0.926 33.5 43.5 

33 MW-D2S5 0.177 43 36.0 

127 NS-D2S5 0.057 47.9 34.8 
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3.5  Discussion  

Collecting samples over a day with no exercise session and over a day where an 

exercise session was undertaken meant that was possible to distinguish metabolites 

which had diurnal variation from those affected by exercise (Figure 3-15). The level 

of exercise and the age range of the subjects were carefully controlled and this led to 

fewer metabolic changes which could be ascribed to exercise than were observed in 

previous pilot study. The samples were run in blocks of 12 samples for each individual 

with the samples randomised within each block (Table 3-S1). This method of running 

minimises instrumental drift since the instrument only has to remain stable over each 

block of 12 samples since the normalisation process for the individual within removes 

instrumental effects in relation to earlier or later blocks. The bad classification of the 

samples by PCA in this study (Figure 3-2) was in line with previous results in the pilot 

study for our group (Daskalaki et al., 2015a) where there was no separation in the PCA 

model when the raw data normalisation against creatinine was used. In the previous 

study normalisation against creatinine did not make any difference to the fit of the 

model and it was concluded as has been observed by others that creatinine 

normalisation is not always effective (Ryan et al., 2011). 

Comparing the compounds responsible for the separation between D2S1 and D2S3, 

the post-exercise samples have higher levels of the purine metabolites hypoxanthine, 

guanine, deoxyinosine, inosine and xanthosine. Increases in purine metabolites 

following exercise been observed for many years although the focus is usually on 

hypoxanthine (Dudzinska et al., 2010, Sahlin et al., 1999, Stathis et al., 2006, Zielinski 

et al., 2013a, Zielinski and Kusy, 2012). In a very recent study conducted by our group, 

it was observed that the same wider effect on several purine metabolites as is observed 
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in the current data (Daskalaki et al., 2015a). None of the above purines are 

significantly changed between D1S1 and D1S3 and uric acid levels decrease between 

D1S1 and D1S3. Thus the ñpurine responseò obviously requires vigorous physical 

exercise rather than normal everyday activity to manifest. Methyl adenosine, dimethyl 

adenosine and dimethyl guanosine all decrease significantly between D1S1 and D1S3 

but no significant changes are observed for these metabolites between D2S1 and D2S3. 

There are other classes of metabolites which typify the response to acute exercise. 

Nonanoyl carnitine, decanoyl carnitine and ketodecanoyl carnitine all increase 

between D2S1 and D2S3. In contrast several acylcarnitines are significantly decreased 

between D1S1 and D1S3. The increase in acyl carnitines between D2S1 and D2S3 

may be related to a decreased demand for fatty acids during a short bout of exercise 

where there is a switch towards glycolysis and in order to maintain ATP levels under 

conditions of high oxygen demand. Fatty acids are removed from the mitochondria as 

their carnitine conjugates in order to allow acetyl CoA to enter the Krebs cycle. 

Panthothenic acid levels have been observed to rise following exercise previously and 

this is the case in the current study where there is an increase between D2S1and D2S3 

whereas there is a decrease between D1S1 and D1S3. It has been proposed that 

increased levels of pantothenate might indicate increased requirement for CoA, but it 

is more likely that this indicates inhibition of CoA biosynthesis which is tightly 

regulated by pantothenate kinase (PK) activity (Dansie et al., 2014). Acetyl CoA 

inhibits PK by allosteric binding and an increase in pantothenate indicates a decrease 

in CoA biosynthesis. Fatty acid oxidation requires an excess of CoA and a decrease in 

CoA levels would decrease fatty acid oxidation since it is energetically more 

favourable to rely on oxidation of acetyl CoA generated from glycolysis in the Krebs 
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cycle. Lactate as the end product of glycolysis increases between D2S1 and D2S3, but 

there is no change between D1S1 and D1S3 (Table 3-4). Increased lactate indicates 

that not all the pyruvate produced by glycolysis can be used by the Krebs cycle which 

mainly produces energy in the form of NADH which has to be oxidised via the terminal 

respiratory chain to yield ATP and thus requires oxygen. The adrenaline metabolite 

metanephrine is elevated post-exercise as is methoxyhydroxy phenylethyleneglycol 

sulfate which is also a metabolite of adrenaline. Increases in adrenaline metabolites 

post-exercise have been observed previously (Bracken et al., 2009). Gamma-

aminobutyric acid (GABA) levels are lower after exercise and the GABA metabolites 

oxobutanoate and hydroxyl butyrate sulphate are elevated.  Dihydroxyphenyl lactate, 

dihydroxybenzoate and phenacetyl glycine acid are elevated between D2S1 and D2S3 

and these are generally regarded as being products of gastrointestinal bacterial action. 

Elevation of microbial products has previously been reported post-exercise (Daskalaki 

et al., 2015b, Lustgarten et al., 2014). These metabolites were not changed between 

D1S1 and D1S3. Testosterone sulphate is elevated between D2S1 and D2S3 which 

might reflect an increase in testosterone levels post-exercise which has been observed 

previously and linked to increased anabolic metabolism (Dovio et al., 2010). Similarly 

the hydrocortisone metabolite tetrahydroaldosterone glucuronide is elevated post-

exercise and reflects the fact that hydrocortisone is strongly involved in energy 

metabolism and it has been proposed that it is directly involved in nitric oxide 

production (Gatti et al., 2005, Hafezi-Moghadam et al., 2002, Tremblay et al., 2004). 

There are three bile acids which are important in the separation between D2S1and 

D2S3. Two of the bile acids are glucuronide conjugates and such conjugates are used 

to remove excess bile acids from the body. In the current case the levels of the 



  

Page | 102 

 

conjugates fall thus indicating and possibly and increased demand for bile acids to 

facilitate uptake of lipids from the gut since post exercise there is an increased 

requirement for fatty acids. However, the same pattern is observed in the D1S1 and 

D1S3 comparison thus the demand for bile acids seems to be at its lowest in the early 

morning since none of the other time points in the S1 differ significantly from time 

points the S3 in both day 1 and day 2. Several amino acids and amino acid derivatives 

are lowered between D2S1 and D2S3 but these changes are largely the same between 

D1S1 and D1S3. Exceptions include and elevation in an isomer of 5-

hydroxytryptophan, possibly 3-hydroxy tryptophan which was found to be elevated in 

previous study (Daskalaki et al., 2015a), and carboxyethyl arginine (CEA). CEA is an 

advanced glycation end product that has been observed previously to occur in human 

urine and plasma (Balderas et al., 2013, Lai et al., 2010). This compound forms by 

reaction between arginine and methylglyoxal which is formed as a side product of 

glycolysis and it has been shown that CEA is an inhibitor of nitric oxide synthase (Lai 

et al., 2010) in which case its presence in the body where vasodilation is required may 

not be desirable. All these changes in metabolites are shown in diagrammatic 

biochemistry summary (Figure 3-15). 
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Figure 3- 15: a diagrammatic model of the biochemistry for metabolites differing between D2S1 

and D2S3 in comparison with D1S1 and D1S3 
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3.6  Conclusion  

The current study further validates our approach of normalising longitudinally 

collected urine samples over time and then normalising each individual to their total 

output for each metabolite over that time. This approach allowed separation of pre- 

and post-exercise samples based on PCA analysis whereas without using this approach 

the separation was not possible.  

Although many of the changes which can be seen in the current study were observed 

in related previous study (Daskalaki et al., 2015a), there were also more new changes 

in microbial metabolites, amino acids metabolites, acyl carnitines, and steroids. The 

current results clearly revealed the impact of exercise on established markers for 

exercise such as hypoxanthine and inosine and, in addition, many other compounds 

were affected by exercise. In order to differentiate metabolites that vary throughout 

the day and those affected by exercise the metabolites which varied during the non-

exercise day were evaluated. Some of these were the same as the metabolites changing 

on the non-exercise day such as bile acid metabolites but there were many metabolites 

which were affected only by exercise. The observations of metabolic marker which 

may be correlated with VO2max was of great interest in present study. Thus, a potential 

predictive marker for VO2max was identified, but further trials will be required to 

determine whether or not this is an artefact of the large number of metabolites available 

as variables. The approach of collecting longitudinal urine samples is simple and non-

invasive and the observed output gives a real sense of metabolism in action and could 

have a role in assessing overall fitness and diagnosing underlying disease which could 

be related to metabolic differences. 
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Abstract   

Metabolomic profiling was carried out on 53 post-mortem brain samples from subjects 

diagnosed with schizophrenia (S), depression (D), bipolar (B) disorder, diabetes (DI) 

and controls (C). Chromatography on a ZICpHILIC column was used with detection 

by Orbitrap mass spectrometry. Data extraction was carried out with m/z Mine 2.14 

with metabolite searching against an in house metabolites database. There was no clear 

discrimination between the controls and the SDB samples on the basis of a PCA model 

of 755 identified or putatively identified metabolites. OPLSDA produced clear 

separation between 17 of the controls and 19 of the SDB samples (R2 (cum) 0.976, Q2 

(cum) 0.671, p-value of the cross-validated ANOVA score 0.0024). The most 

important metabolites producing discrimination were the lipophilic amino acids 

leucine/isoleucine, proline, methionine, phenylalanine, and tyrosine; the 

neurotransmitters GABA and NAAG and sugar metabolites sorbitol, gluconic acid, 

xylitol, ribitol, arabinotol, and erythritol. Eight samples from diabetic brains were 

analysed, six of which grouped with the SDB samples without compromising the 

model (R2 (cum) 0.850, Q2 (cum) 0.534, p-value for cross-validated ANOVA score 

0.00087). There appears on the basis of this small sample set to be some commonality 

between metabolic perturbations resulting from diabetes and from SDB. 
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4.1  Introduction  

Mental illness, most commonly schizophrenia (S), depression (D), and bipolar (B) 

disorder (SDB) is common: S has a European prevalence of 0.2ï2.6%, D 3.1ï10.1%, 

and B disorder 0.2ï1.1% (Wittchen and Jacobi, 2005). These conditions are a major 

burden on the health-care systems and on the relatives of affected people. Clinically, 

such illnesses are heterogeneous and present with psychosis or mood state features that 

vary over time and across individuals. Thus, it would be of great value to have an 

objective means to assist in diagnosis and categorisation of such illnesses and also give 

an insight into the best way to manage them (Weickert et al., 2013). Much diagnosis 

of mental illness remains subjective due to complex and poorly defined mechanisms 

underlying these diseases; there are no biomarkers and mental illness might be better 

viewed as a continuum rather than using absolute labelling (Corrigan, 2007). The 

significance of low-molecular-weight metabolites in driving or reflecting the aetiology 

of psychiatric disease has been researched for many years using serum samples that 

are a pragmatic choice for diagnostic testing and, additionally, brain tissue to 

investigate the central pathologies (Pickard, 2015). In the past 10 years, MS-based 

metabolomics has evolved as a method for profiling a wide range of low-molecular-

weight metabolites (Gika et al., 2014, Zhang and Watson, 2015). Metabolomics is a 

natural fit with metabolite profiling in mental illness where, for many years, targeted 

analysis was carried out in order to profile, for instance, biogenic amines in order to 

determine whether or not abnormalities in their levels might be causative (Burchett 

and Hicks, 2006). There have been several studies which have carried out metabolomic 

profiling in mental illness (Koike et al., 2014, Liu et al., 2015, Kaddurah-Daouk and 
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Krishnan, 2009, Yang et al., 2013, Yao et al., 2010, Oreġiļ et al., 2011, He et al., 

2012), but these have not been as extensive as those into other diseases such as cancer. 

There have been no untargeted metabolomics studies of human post-mortem brain 

samples although there was a study which examined disturbed glucose metabolism in 

post-mortem brains from psychotic patients (Regenold et al., 2004). In the current 

study, the availability of a unique library of post-mortem brain samples with extensive 

associated medical information allowed to investigate whether or not these samples 

might reveal any underlying pathology which could be related to metabolic 

differences.  

 

4.1.1  Aims of Study  

The purpose of this study was to try to better understand disease pathology in mental 

illness and thus the ideal outcome would be a list of related metabolites corresponding 

to the disease state in order to develop a hypothesis. Thus, the established LC-MS-

based metabolomic profiling methods (Zhang et al., 2013, Zhang et al., 2014) will be 

applied to determine if it was possible to individually classify healthy C, S, D and B 

brains. The observation of ómetabolic syndromeô-like features in those diagnosed with 

mental illness (Newcomer, 2007) prompted us to determine whether or not there was 

an overlap between metabolic perturbations in mental illness and diabetes. If such a 

link between mental illness and diabetes could be established then this might give 

some rationale for the evaluation of medicines used in the treatment of diabetes in the 

treatment of mental illness. 
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4.2  Materials and Methods  

4.2.1  Chemicals  and Solvents  

HPLC-grade ACN was obtained from Fisher Scientific, UK. Ammonium carbonate, 

ammonium hydroxide solution (28ï30%), acetic anhydride, pyridine, and methanol 

were purchased from SigmaïAldrich, UK. HPLC grade water was produced by a 

Direct-Q 3 Ultrapure Water System from Millipore, UK. The mixtures of metabolite 

authentic standards were prepared from standards obtained from SigmaïAldrich, UK, 

as previously described in standard preparation section (2-3). 

 

4.2.2  Post -Mortem Brain Samples : 

Post-mortem brain samples were obtained from the Sudden Death Bank collection held 

in the MRC Edinburgh Brain and Tissue Banks. These samples were stored at -80°C 

for longer term storage. Psychiatric diagnosis annotations for each sample were made 

by detailed study of donor case notes by qualified psychiatrists. Full ethics permission 

has been granted to the Banks for collection of samples and distribution to approved 

researchers (LREC 2003/8/37). The University of Strathclyde Ethics Committee also 

approved the local study of this material (UEC101123). Details of the brain samples 

are given in Table 4-S1 in the Appendix-I. The information regarding the brain 

samples is summarised in Table 4-1. 
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Table 4-1: Summary information for the different groups of brain samples. 

 

 

4.2.3  Sample Extraction  

The brain samples were stored at 4OC for immediate use or at -80OC for longer term 

storage. For extraction, samples of brain tissue were thawed and then 50 mg was 

homogenised in ice cold methanol/water (1:1, 1.5 ml) using a handheld Lab Gen 7B 

homogeniser. The samples were then centrifuged at 16,000g, 15 min 4OC to remove 

any insoluble material when the supernatant was removed and the pellet reserved for 

further extraction to remove lipids. Lipids were extracted from the pellet with 

chloroform/methanol (3:1, 1.6 ml). The methanol/water extract was dried under a 

stream of nitrogen at 37OC and re-dissolved in 200µl ACN/water (80:20) and then 

analysed by ZICHILIC and ZICpHILIC chromatography. The chloroform/methanol 

extract was dried under a stream of nitrogen at 37OC and re-dissolved in either 

methanol/water (1:1, 200µl) prior to chromatography on a C18 column. 

 

Group Number 

(M+F) 

Male 

(M) 

Age 

range 

Mean age 

± RSD 

Female 

(F) 

Age 

range 

Mean age 

± RSD 

Control 21 18 26ï74 47.4 ± 29.5 3 42ï60 50.7 ± 17.8 

Schizophrenic 11 10 25ï69 44.4 ± 34.7 1 40 ï 

Bipolar 6 1 48 ï 5 39ï57 45.6 ± 16.2 

Depressive 7 4 24ï74 47.5 ± 49.1 3 20ï57 60.3 ± 33.7 

Diabetic 8 8 20ï69 44.9 ± 35.2 0 ï ï 
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4.2.4  HILIC ïHRMS Analysis  

Sample analysis was carried out on an Accela 600 HPLC system combined with an 

Exactive (Orbitrap) mass spectrometer (Thermo Fisher Scientific, UK). An aliquot of 

each sample solution (10 µl) was injected onto a ZIC-pHILIC column (150 × 4.6 mm, 

5µm; HiChrom, Reading UK) with mobile phase A: 20 mM ammonium carbonate in 

HPLC grade water (pH 9.2), and B: HPLC grade ACN. The LC and the MS conditions 

were as described previously in the HPLC conditions, section 2-5. Samples were 

submitted in random order for LC-MS analysis, and pooled quality control samples 

were injected at the beginning, in the middle and at the end of the experiment to 

monitor the stability of the instrumentation. Four authentic stock standard mixtures for 

220 compounds, see section 2-3, were run in order to calibrate the column. Due to the 

chromatography of lipids are only weakly retained on the ZICpHILIC column and 

there is no separation of isomeric species, further analysis of the polar extract and of 

the lipophilic extracts were carried out on a ZICHILIC column (150 × 4.6 mm, 5 µm), 

ACE C18 column (150 × 3 mm, 3 µm), and an ACE silica gel column according to 

previously described methods (Zhang et al., 2012c, Zheng et al., 2010). 

 

4.2.5  Analysis of Sugar Acids and Polyols by GC -MS 

The individual standards for the polyols (100µg) were treated with acetic 

anhydride/pyridine (1:1, 100µl) for 30 min at 70oC. The reagent was removed under a 

stream of nitrogen and the sample was re-dissolved in 1ml of ethyl acetate. The 

individual standards for the polyol acids were treated with methanol containing 1% 

HCl for 30 min at 70oC, the reagent was removed under a stream of nitrogen and the 
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sample was then treated as for the polyols. Brain tissue (200 mg) was extracted with 

ACN/water (1:1, 1 ml) containing 2µg/ml of pinitol internal standard, centrifuged and 

the supernatant was removed and evaporated to dryness with a stream of nitrogen at 

70oC and treated as for the polyol acids except that the residue was re-dissolved in 0.2 

ml of ethyl acetate. GC-MS analysis was carried out on a DSQ GC-MS system 

(Thermo Fisher Scientific, UK) fitted with a GL Sciences Inert Cap 1 MS column from 

Hichrom, Reading, UK (30 m ×  0.25 mm ×  0.25 µm film). The oven was 

programmed from 100OC to 320OC at 5OC/min. The MS was operated in EI mode at 

70 eV. For quantification of the sugars in brains selected, ion monitoring was carried 

out for ions at m/z 217, 200, 187, 145, 142, and 140, which are typical fragments of 

alditol acetates (Ruiz-Matute et al., 2011).  

 

4.2.6  Data Extraction and Metabolite Identification   

MZMine 2.14 (Pluskal et al., 2010) was used for peak extraction and alignment, as 

previously described in data extraction and processing methods (section 2-6). Putative 

identification of metabolites was also conducted in MZMine by searching the accurate 

mass against in-house database or other data bases as mentioned above, section 2-6. 

Background peaks present in the blank were removed in MZmine before transferring 

the data to an Excel file. Manual editing of the data was carried out in order to remove 

idiosyncratic peaks such as metabolites identified as drugs which were presumably 

from patient treatments and also nicotine metabolites which were particularly 

abundant in the brains of schizophrenic patients because of their well-established 

tendency to smoke much more than the general population (Dalack et al., 1998) and 

ethyl sulphate which is from alcohol metabolism. The GC-MS data were extracted by 
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using Sieve 1.3 (ThermoFisher Scientific UK), and the ions corresponding to the RT 

of the sugar standards were extracted in order to build the OPLS-DA model. 

 

4.2.7  Univariate and Multivariate Analysis  

All data processing, including data visualisation, biomarker identification, diagnostics, 

and validation was implemented using SIMCA software v.14 (Umetrics AB, Umeå, 

Sweden). Prior to univariate and multivariate analysis, data were Pareto scaled where 

the responses for each variable are centred by subtracting its mean value and then 

dividing by the square root of its standard deviation (Bartel et al., 2013, Yang et al., 

2015). Univariate comparisons were carried out in Excel. All subsequent metabolite 

responses, paired t-test and fold changes (ratio) were conducted on a new data set. 

Multivariate analysis were applied by SIMCA-P version 14.0 (Umetrics, Sweden) for 

data modelling in order to build an unsupervised and supervised models. PCA was 

used to provide as an unsupervised model in order to explore how variables clustered 

regardless Y class (Worley and Powers, 2013). OPLS provides a supervised model 

that can predict Y from X and can separate variation in X that correlates to Y 

(predictive) and variation in X that is uncorrelated to Y (orthogonal/systemic). OPLS-

DA is a discriminant analysis based on OPLS and employed to examine the difference 

between groups while neglecting the systemic variation (Kirwan et al., 2012). The p-

values of the biomarkers were evaluated for their significance applying the false 

discovery rate statistic (Benjamini and Hochberg, 1995). Variable importance in the 

projection was employed in order to indicate the contribution of each variable in the 

in a given model compared to the rest of variables, the average VIP is equal to 1, based 
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on that a variable larger than 1 has more contribution in explaining y than the average 

(Chong and Jun, 2005). 

 

4.2.8  Diagnostics and Validation of Models   

R2 and Q2 are diagnostic tools for supervised and unsupervised models; R2 represents 

the percentage of variation explained by the model (the goodness of fit), Q2 indicates 

the predictive ability of the model, a large discrepancy between R2 and Q2 indicates 

overfitting of the model (Westerhuis et al., 2008). A permutations test can be applied 

to evaluate supervised models whether the specific grouping of the observations in the 

two designated classes is significantly better than any other random grouping in two 

arbitrary classes. In SIMCA-P, this test indicates the refitted models when all the Q2 

values are lower than the original Q2 value (Wheelock and Wheelock, 2013). The 

criteria for validity for OPLSDA models tested via cross-validation are that all blue 

Q2-values to the left are lower than the original points to the right or the blue regression 

line of the Q2-points intersects the vertical axis (on the left) at, or below zero. The R2 

values always show some degree of optimism (Triba et al., 2015). However, when all 

green R2-values to the left are lower than the original point to the right, this is also an 

indication for the validity of the original model although this is not essential for the 

model to be valid. Model validity is also assessed using cross-validated ANOVA (CV-

ANOVA) which corresponds to H0 hypothesis of equal cross-validated predictive 

residuals of the supervised model in comparison with the variation around the mean 

(Wheelock and Wheelock, 2013, Eriksson et al., 2008). 
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4.3  Results  

4.3.1  The Effect of the HPLC Column Used on the Results  

The data produced from the analysis of the polar extracts on the ZICHILIC column 

(Figure 4.S1) were less satisfactory for producing separation in the sample sets than 

those produced on ZICpHILIC. There were similar trends in some of the metabolites 

but the clear-cut differences described below were not observed. This again supports 

the choice of ZICpHILIC as the best method for analysis of polar metabolites in 

metabolomics screens (Zhang et al., 2014). The ZICHILIC mobile phase produces a 

higher background which includes abundant sodium formate cluster ions and thus ion-

suppression is potentially more of a problem. In addition, the chromatographic peaks 

for many metabolites are wider than on ZICpHILIC and the retention times from run 

to run are less stable which produces a greater challenge for the peak extraction 

software. This may be due in part to the fact that the initial methanol/water extraction 

also extracted many of the more polar lipids. The chromatography of lipids on the 

ZICpHILIC column is satisfactory but they are only weakly retained on this column 

so there is no separation of isomeric species.  
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4.3.2  Comparison of Control and 

Schizophrenic/Depressive/Bipolar/Diabetic Brains Using PCA  

Metabolites were identified to MSI levels 2 or 1 (Sumner et al., 2007) according to 

either exact mass (< 3 ppm deviation) or exact mass plus retention time matching to a 

standard (Table 2-S1). As a result of data filtering and univariate analysis, 755 

metabolites from positive and negative ion modes were combined and used to build 

multivariate models. The samples set was selected by our collaborators at the sudden 

death brain and tissue bank to give us the best samples set available from samples in 

storage for making a comparison between controls, mental illness, and diabetes. Due 

to the uncontrolled factors are highly variable in both control and affected samples, the 

expected result might be that variation in the data would preclude statistical separation 

unless the disease signature was very strong. In order to obtain a reasonable sample 

size, S, D, B and DI samples were treated as one group to compare against controls. 

Comparison of the data from SDB and DI samples with controls (C) using PCA did 

not yield a clear separation of these diagnostic categories (Figure 4-1). In order to rule 

out variation in level of technical precision across the 55 h required to complete the 

analysis, a pooled sample: (P1ï6) was prepared by combining 5 × 40µl of extract 

randomly selected from each sample type. Replicates were run as follows: P1 and 2 

near the beginning of the sequence after running two blanks and four standard 

mixtures, P3 after 20 h, P5 after 39 h, P4 and 6 at the end of the run after 55 h. As can 

be seen in Figure 4-1, the pooled samples all lie towards the centre of the PCA plot 

and individual sample points are close to each other. This indicates that there is only a 

small amount of instrumental drift and thus the results reflect biological, rather than 

technical, differences. 
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Figure 4-1: PCA plot for control, SDB and DI samples (R2X cum 0.61, Q2 (cum) 0.464, and 

three components) based on 755 metabolites from positive and negative ion modes. Three of 

the DI samples (Di4, 7 and 8) lay outside of the ellipse and were omitted from the mod. P = 

pooled sample used to check instrument stability over time. 

 

 

 



  

Page | 118 

 

4.3.3  Comparison of SDB and SDBDI Samples against  Controls 

Using OPLSDA  

When the DI samples were omitted to compare between SDB and C groups, it was 

found that 36 of the 45 available SDB and control samples (see footnote to Table 4-

S1) could be combined where 19 SDB samples were compared against 17 control 

samples to produce a strong OPLS-DA model (R2 (cum) 0.976, Q2 (cum) 0.671) 

explaining 96.7% of the variation in the samples with six components (Figure 4-2). Q2 

> 0.5 is generally accepted as being indicative of a robust model and the model gave a 

permutations plot where all the permutated Q2 values on the left are lower than the 

points on the right (Figure 4-3) and the line plot intercepts the Y-axis below 0 

(Westerhuis et al., 2008, Wheelock and Wheelock, 2013, Triba et al., 2015). This 

preliminary model based on 755 metabolites was used to inform the selection of the 

samples for univariate statistical comparison by excluding eight samples that did not 

fit the model, four controls and four SDB samples. Despite variations arising from 

complex medical histories, length of sample storage and exact cause of death there 

appeared to be a strong metabolic signature associated with mental illness overriding 

these confounding factors which apply to both control and affected samples. Thus, 

Table 4-2 shows the univariate statistical comparisons for the metabolites with VIP 

scores > 1 in the preliminary OPLSDA model. All of which are significantly different 

according to a two-tailed t-test and FDR statistics, application of the Benjaminiï

Hochberg procedure with a Q value of 0.1 (Benjamini and Hochberg, 1995), based on 

755 metabolites indicate all P values < 0.05 were significant. A complete list of 

significantly different metabolites based on univariate comparison of the 17 controls 

and 19 SDB samples is given in Table 4-2.  
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Figure 4-2: OPLS-DA model (R2 (cum) 0.976, Q2 (cum) 0.671 and Six components) of control 

(n = 17) compared to SDB (n = 19) brain samples based on 755 metabolites from positive and 

negative ion modes 

 

 

Figure 4-3: Permutation plot for the OPLS-DA model compared to control and SDB brain 

samples based on 755 metabolites from positive and negative ion modes as shown in Figure 

4-2. 
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Table 4-2: Metabolites with high impact on the LOPS-DA model separating control (17) from 

SDB (19) samples. * Matches retention time of standard. ** Retention time does not match 

that of the standard. Application of the BenjaminiïHochberg procedure with a Q value of 0.1 

indicates that the critical threshold for a regarding a P value as being significant is 0.05. 

N=negative ion and P = positive ion. 

m/z Rt 

min. 

Metabolite VIP  P value Ratio 

SDB/C 

N130.087 11.2 *Leucine/isoleucine 8.3 0.0041 1.34 

N 

96.9698 

13.6 ** Orthophosphate (carbonic acid adduct of 

chloride) 

7.5 0.0050 1.17 

N116.072 12.9 *Valine 5.1 0.0008 1.36 

P 116.071 13.2 *Proline 4.2 0.0021 1.34 

N 135.03 10.6 ** Threonic acid isomer 4.3 0.0656 1.09 

N164.072 10.4 *Phenylalanine 4.0 0.0050 1.31 

N102.056 15.9 * 4-Aminobutanoate (GABA) 3.2 0.0050 0.85 

N88.0404 15.2 *Sarcosine 3.1 0.0730 1.12 

N118.051 14.8 *Homoserine 3.1 0.0140 1.51 

N267.074 11.3 *Inosine 3.0 0.0340 0.81 

N148.044 11.8 *Methionine 2.8 0.0038 1.30 

N181.072 14.3 *Sorbitol/mannitol/iditol/dulcitol 2.6 0.0022 1.99 

P 258.11 14.9 *sn-glycero-3-Phosphocholine 2.2 0.0415 1.61 

N273.039 15.7 Deoxy sedoheptulose phosphate 1.9 0.0020 0.59 

N180.067 13.4 *Tyrosine 1.7 0.0170 1.23 

N121.051 12.1 *Erythritol/threitol 1.5 0.0011 1.57 

N241.012 17.4 D-myo-Inositol 1,2-cyclic phosphate 1.3 0.0060 0.58 

N239.115 16.6 ** Homocarnosine isomer (anserine) 1.4 0.0037 0.62 

N303.084 17.2 *N-Acetyl-aspartyl-glutamate 1.3 0.0327 0.53 

N203.083 12.0 *Tryptophan 1.3 0.0250 1.21 

N195.051 14.4 *Gluconic acid 1.3 0.0011 2.20 

N215.033 13.7 Hexose (chloride adduct) 1.1 0.0019 2.19 

N209.067 14.4 *Sedoheptulose 1.0 0.0006 1.74 

P 146.092 15.6 4-Guanidinobutanoate 1.0 0.00021 0.71 
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4.3.4  SDB Samples Show Differences in Branched Amino Acid, 

Neurotransmitter and Sugar Metabolism Compared With Controls  

Leucine/isoleucine have the highest VIP (8.1) this a very strong variable along with 

valine which has a VIP of 5.1. Thus, branched chain amino acids are highly correlated 

in the brains of SDB subjects and are also present in significantly higher levels than in 

the controls. The other neutral lipophilic amino acids such as proline, phenylalanine, 

methionine, tyrosine, and tryptophan also have high VIP values of 4.2, 4.0, 2.8, 1.7, 

and 1.3, respectively. These amino acids are elevated in SDB brains and are important 

in the model. The important metabolites that are significantly lower in the SDB 

subjects than in the controls include GABA, its metabolite guanidino amino butyric 

acid, and the neuromodulator NAAG. In addition, there are higher levels of sugar 

metabolites, putatively identified according to the LC-MS analysis as sorbitol, 

gluconic acid, and erythritol, in the SDB samples (Table 4-2). 

 

4.3.5  The Effect of Age on Metabolite Profiles of Brain Tissue  

The brains were from subjects with a wide age range and the mean age of the control 

group at death was 45.9 and mean age for the SDB group was 46.4. An OPLS 

correlation (R2X (cum) 0.706), R2Y (cum) 0.979, Q2 (cum) 0.476)) gave a very good 

correlation between age and metabolites (Figure 4-4) and there was no overlap 

between the metabolites used to discriminate the control and SDB brains and those 

which discriminated age (Table 4-3). The major changes with age were related to 

decreases in unsaturated fatty acids in the brain such as eicosatetraenoic, 

docosahexaenoic, and linoleic acid and increases in glycerol metabolites such as 

phosphoethanolamine and phosphocholine. 
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Figure 4-4: OPLS correlation of brain metabolite profiles to the age of the subjects (R2X 

(cum) 0.706), R2Y (cum) 0.979, Q2 (cum) 0.476). 

 

Table 4-3: Most significant metabolite changes with the age of brain tissue. 

m/z RT min Metabolite P corr  VIP 

N303.234 3.9 [FA(20:4)] 5Z,8Z,11Z,14Z-eicosatetraenoic -0.47 10.98 

N91.04 10.6 Glycerol -0.55 8.69 

N281.249 4 [FA (18:0)] 9Z-octadecenoic acid -0.45 7.8 

N327.234 3.9 Docosahexaenoic acid -0.32 6.99 

N255.233 4 Hexadecanoic acid -0.37 6.16 

N96.9698 13.6 Orthophosphate 0.38 5.43 

N128.035 10.6 L-1-Pyrroline-3-hydroxy-5-carboxylate -0.51 5.4 

P116.071 13.2 L-Proline -0.41 4.47 

N253.218 4 (9Z)-Hexadecenoic acid -0.44 3.77 

N279.233 4 Linoleate -0.41 2.66 

N114.056 13.2 L-Proline -0.36 2.05 

P258.11 14.9 sn-glycero-3-Phosphocholine 0.38 2.02 

N111.02 8.8 Uracil -0.35 1.9 

N227.202 4.1 Tetradecanoic acid -0.37 1.89 

N214.049 16 sn-glycero-3-Phosphoethanolamine 0.49 1.81 

N175.025 14.6 Ascorbate 0.35 1.56 

N180.067 13.4 L-Tyrosine -0.34 1.39 

P178.072 10.5 6-methyl-H2-pterin -0.54 1.12 

N308.099 13.8 N-Acetylneuraminate 0.37 0.97 

N165.041 13.1 L-Arabinonate -0.48 0.97 

N309.281 3.9 [FA (20:0)] 11Z-eicosenoic acid -0.45 0.8 
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4.3.6  Inclusion of Diabetic Brains in the OPLSDA Model  

There were eight diabetes samples in the set of brain samples and these were 

subsequently added to the data set used to build the OPLSDA model described in 

Figure 4-5. Two of the diabetic samples (DI-7 and DI-8) were extreme outliers and 

were excluded from the initial PCA plot (Figure 4-1) since they were outside of the 

ellipse. They were also excluded from the combined OPLSDA model along with one 

of the SDB samples (S5) which was excluded since it did not fit into the new OPLSDA 

model. Six of the diabetic samples could be classified with the SDB samples (Figure 

4-5), R2 (cum) 0.850, Q2 (cum) 0.534 and p-value for cross-validated ANOVA score 

0.00087, to increase the significance of the ANOVA score. The large decrease in the 

CV-ANOVA score implies considerable strengthening of the model since the score 

can be used as a guide to the optimal fitting of a model (Wheelock and Wheelock, 

2013). The permutations plot is shown in Figure 4-6 indicates a strong OPLS-DA 

model to compare between control and SDB-DI brain samples based on 755 

metabolites. The addition of the diabetic samples to the model produced some change 

in the VIP values but basically most of the discriminating metabolites are the same 

(Table 4-2) which is perhaps not surprising since the model is strengthened by addition 

of these samples. However, when the univariate comparisons are examined most of 

the metabolites with high VIP values in the model did not have significant p-values 

when the DI samples in the model are compared with controls. 
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Figure 4-5: OPLS-DA model (R2 (cum) 0.850, Q2 (cum) 0.534, four components) including 

six of the DI samples. Green control and blue SDB + DI brain samples based on 755 

metabolites from positive and negative ion modes. 

 

 

Figure 4-6: Permutations plot for the OPLS-DA model compared to control and SDB-DI brain 

samples based on 755 metabolites from positive and negative ion modes shown in figure 4-5. 
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Thus, the similarities between diabetic and the SDB brains compared with controls lie 

in the covariance of the set of important marker compounds shown in Table 4-4 rather 

than in the absolute levels. Leaving the DI samples out of the model and using them 

as a prediction set resulted in four of the samples being classified as SDB samples 

while two were unclassified, but borderline to the SDB class. 

 

 

Table 4-4: Metabolites with high impact on the model separating controls from SDB brains 

combined with diabetic brains. * Matches retention time of standard. ** Retention time does 

not match that of the standard. N= negative ion and P =positive ion. 

m/z  RT min Metabolite VIP value 

N96.9698 13.6 **Orthophosphate (chloride carbonic acid adduct) 8.4 

N130.087 11.2 *L -Leucine/isoleucine 7.2 

N174.041 15 *N-Acetyl-L-aspartate 4.9 

N116.072 12.9 *L -Valine 4.6 

N164.072 10.4 *L -Phenylalanine 3.9 

N102.056 15.9 *4-Aminobutanoate 3.1 

N118.051 14.8 *L -Threonine 2.8 

N181.072 14.3 *D-Sorbitol 2.7 

N267.074 11.3 *Inosine 2.6 

N114.056 13.2 *L -Proline 2.5 

N148.044 11.8 *L -Methionine 2.4 

P204.123 11.4 *O-Acetyl carnitine 2.4 

N273.039 15.7 Deoxy sedoheptulose phosphate 2 

N121.041 7.3 *Nicotinamide 1.8 

P241.129 16.6 Anserine 1.5 

N121.051 12.1 *Erythritol 1.5 

N145.014 13.5 **2 -Oxoglutarate 1.5 

N241.012 17.4 D-myo-Inositol 1,2-cyclic phosphate 1.4 

N195.051 14.4 *D-Gluconic acid 1.3 

N209.031 16 *D-Glucarate 1.1 

N215.033 13.7 Hexose (chloride adduct) 1.1 

P170.081 8.1 *Pyridoxine 1 

N209.067 14.4 *Sedoheptulose 0.9 

P146.092 15.6 4-Guanidinobutanoate 0.9 
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4.3.7  Preparation of the PCA Model with a Reduced Metabolite List  

The initial application of OPLSDA based on 755 metabolites (Figure 4-2) has been 

built focusing on more limited list of metabolites than those listed in Table 4-S2. When 

the reduced list of 120 metabolites with low P-values (Table 4-S2) was used to prepare 

a PCA model, it was clear that the SDB samples contained subgroups. Hierarchical 

Cluster Analysis (HCA) was used to define the samples into groups will have similar 

characteristics, which can give an insight in the situation under investigation, but be 

different from those in other group. Figure 4-7 shows the PCA model corresponding 

to the HCA plot, as shown in Figure 4-S2, to define a clear subgroup (green group) 

containing nine SDB samples, schizophrenic, depressive and bipolar, were quite 

different from the controls and the rest of the SDB samples. The metabolites defining 

the subgroup are shown in Table 4-5. This supports the proposal that there are 

similarities within the SDB group since the sub-group contains all three classes. 

 

Figure 4-7: PCA model (R2X=0.68, Q2X=0.283 and five components) based on the 

metabolites with P-values <0.05 (table 4-S2) when the control and SDB samples are compared 

and hierarchical cluster analysis (Fig. 4-S2) is used to define subgroups. 
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Table 4-5: Important metabolites defining the sub-group of nine SDB brains shown in Figure 

4-7. *Matches retention time of standard. **Does not match the retention time of the standard 

therefore is an isomer of the named compound. 

m/z  RT 
min 

Metabolite P value Ratio 
SDB/C 

VIP 

P 305.098 17.2 *N-Acetyl-aspartyl-glutamate 0.003 0.27 2.52 

N 195.051 14.4 *Gluconic acid <0.001 3.3 2.32 

N 181.072 14.3 *Sorbitol/mannitol/iditol/dulcitol <0.001 2.94 2.22 

N 209.067 14.4 *Sedoheptulose <0.001 2.34 2.2 

N 252.088 8.1 N-Acetylvanilalanine <0.001 2.06 2.15 

N 202.109 5.5 **O-Acetylcarnitine isomer <0.001 1.6 2.13 

N 231.099 16.8 N2-Succinyl-L-ornithine 0.011 0.36 2.07 

N 114.056 13.2 *Proline 0.002 1.52 1.99 

N 220.083 12.3 *N-Acetyl-D-glucosamine <0.001 1.4 1.99 

N 180.067 13.4 *Tyrosine 0.001 1.44 1.97 

P 277.031 12.6 **Phospho-gluconate isomer 0.003 0.06 1.92 

N 171.007 15.4 *Glycerol 3-phosphate 0.004 0.38 1.88 

N 164.072 10.4 *Phenylalanine <0.001 1.88 1.8 

P 227.114 10.3 **Carnosine isomer 0.002 8.34 1.7 

N 103.004 16.1 *Malonate 0.001 1.56 1.68 

N 121.051 12.1 *Erythritol/threitol  <0.001 2 1.65 

P 284.099 13 *Guanosine <0.001 0.58 1.63 

P 116.072 12.9 *Valine <0.001 1.58 1.62 

P 230.151 24.2 Gamma-Aminobutyryl-lysine 0.028 1.42 1.62 

N 151.061 13.2 *Xylitol/ribitol/arabinotol <0.001 2.38 1.56 

N 130.087 11.2 *Leucine <0.001 1.66 1.54 

N 178.072 12.9 *Glucosamine 0.001 1.88 1.48 

P 248.024 10.8 Norepinephrine sulfate <0.001 0.32 1.48 

N 273.039 15.7 1-Deoxy-D-altro-heptulose 7-
phosphate 

0.002 0.49 1.47 

P 104.071 15.9 *4-Aminobutanoate <0.001 0.78 1.4 

P 161.107 10.4 Tryptamine 0.001 1.55 1.39 

N 145.014 6.3 **Oxoglutarate isomer 0.031 3.91 1.35 

N 159.103 4.9 Ethyl-hydroxyhexanoate 0.002 2.95 1.35 

P 169.097 11.3 *Pyridoxamine 0.001 1.53 1.34 

 

 

 



  

Page | 128 

 

4.3.8  Refining the OPLSDA Models  

Better understanding of disease pathology in mental illness is the purpose of this study 

and thus the ideal outcome would be a list of metabolites related to the disease state. 

With a high number of variables, there is the danger of overfitting and although the 

OPLSDA models, shown in Figures 4-2 and 4-5, performed well in cross-validation 

tests, there might still be some doubts with regard to their validity. Thus, the 

control/SDB OPLSDA model was established based on removing 630 of the lowest 

priority variables and retaining variables that caused a reduction in the Q2 (cum) score 

of > 0.05 when removed. Figure 4-8 shows the reduced OPLS-DA model which could 

accommodate 38 out of the original 45 samples based on the important 120 metabolites 

shown in Table 4-S2. The cross-validation for this model which had a CV-ANOVA 

score of 0.0006 and the permutation test is shown in Figure 4-9. In the reduced model, 

the branched chain amino acid valine and 4-Aminobutanoate, GABA, retain their high 

importance (Table 4-6).  

 

Table 4-6: Marker compounds resulted of the OPLSDA model shown in Fig. 4-8. * For the 

38 samples used in the model. 

m/z Rt 

(min) 

Metabolite P-value* Ratio* 

SDB/Control 

VIP 

116.072 12.9 L-Valine 0.00026 1.39 1.55 

104.071 15.9 4-Aminobutanoate 0.0069 0.87 1.43 

162.112 13.7 L-Carnitine 0.680 0.96 0.82 

204.123 11.4 O-Acetylcarnitine 0.081 1.26 0.75 

87.0087 8.3 Pyruvate 0.063 1.26 0.41 

175.025 14.6 Ascorbate 0.85 1.03 0.37 
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Figure 4-8: OPLSDA model (R2Y (cum) 0.725, Q2 (cum) 0.638, and five components) of 18 

controls (green) compared to 20 SDB brain samples (blue) based on the filtered 120 

metabolites. 

 

 

 

Figure 4-9: Permutations (n=999) plot for the OPLS-DA model shown in Figure 4-8. 
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The same process of variable reduction was applied to the combined DI/SDB model 

which included seven of the DI samples and resulted in a validated model based on 

important 120 metabolites into which 45 out of 53 samples could be fitted. This model 

included six of the diabetic samples, except DI1, shown in Figure 4-10 is validated by 

a CV-ANOVA score of 0.000013 and permutation test as shown in Figure 4-11. The 

metabolites obtained from this control/SDB-DI OPLSDA model (Figure 4-10) are the 

same as those extracted from the previous control/SDB OPLSDA model (Figure 4-8) 

except that the VIP values for each metabolite were different as show in table 4-7. 

Removing the 7 DI samples and using them as a prediction set resulted in six of the 

samples being classified with the SDB group and one of the samples being classified 

with the controls. 

 

 

Figure 4-10: OPLSDA model (R2Y (cum) 0.798, Q2 (cum) 0.691, and four components) of 18 

controls (green) compared to 27 SDBDI brain samples (blue) based on the filtered 120 

metabolites. 
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Figure 4-11: Permutations (n=999) plot for the OPLS-DA model shown in Figure 4-10. 

 

 

Table 4-7: Marker compounds resulting from the OPLSDA model shown in Figure 4-10.      

* For the 45 samples used in the model. 

m/z Rt 

(min) 

Metabolite P-value* Ratio* 

SDB/Control 

VIP 

104.071 15.9 4-Aminobutanoate 0.023 0.83 1.64 

116.072 12.9 L-Valine 0.0022 1.30 1.32 

162.112 13.7 L-Carnitine 0.84 1.01 0.72 

204.123 11.4 O-Acetylcarnitine 0.023 1.33 0.71 

175.025 14.6 Ascorbate 0.834 1.04 0.50 

87.0087 8.3 Pyruvate 0.063 1.26 0.48 
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4.3.9  GC-MS Analysis to Quantify and Identify Polyols and Polyol 

Acids in Brain  

In the process of analysing the data, it became apparent that sugar metabolism had an 

important role in distinguishing the C and SDB brains. The commercially available 

sugar alcohol standards were run on the ZICpHILIC column and isomeric compounds 

were found to co-elute or elute closely and thus were not distinguishable from each 

other. In this study, a GC-MS method was developed for the analysis of the sugar 

alcohols which were converted into their acetates after initial treatment with 

methanolic HCl to esterify the acidic groups in gluconic and gulonic acid. The 

retention times for the available standards are shown in Table 4-8. Figure 4-12 shows 

the separation of some the polyols present in brain tissue in comparison with a mixture 

of standards. In this Figure 4-12, the major polyols present were erythritol plus an 

additional unknown tetritol, ribitol, arabinotol, xylitol, gluconic acid, and sorbitol. 

Figure 4-13 shows OPLS-DA separation of C and SDB-DI samples based on the ions 

monitored for the polyol standards; there was not sufficient tissue to repeat analysis of 

all the samples and the model is based on 21 SDB-DI samples compared to 15 control 

samples. The cross-validation for the model by permutation test indicates that there 

was a robust discrimination between groups as shown in Figure 4-14. Calibration 

curves were prepared in the range 1Έ16µg for all the sugar alcohols against 2µg of 

pinitol which was used as an internal standard (Figure 4-S3 and Table 4-S3). The 

calibration curves data, Equation of the line and R-squared (R2) value on chart, 

extracted from the calibration curves, Figure 4-S3, are detailed in Table 4-9 and have 

been used to calculate the amounts of sugar alcohols and gluconic acid in brain 

samples. Table 4-10 shows the quantitative data for the sugar alcohols and gluconic 
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acid which were calculated based on their intensity in brain samples, Table 4-S4, and 

the calibration curves data. Clearly, both the diabetic samples and SDB have high 

levels of sorbitol, gluconic acid, ribitol, and erythritol in comparison to the controls. 

Elevated levels of sorbitol in schizophrenic and bipolar brains have been reported 

before (Regenold et al., 2004), but the addition of the other sugar metabolites re-

enforces the importance of this pathway in the illness. 

 

Table 4-8: Retention data for polyol isomers and acids analysed by GC-MS in EI mode. 

Polyol MW Rat GC 
MW 

Derivativ
e 

EIMS Main Fragments 

Gulonic acid 196 20.66 420 184 (70)145(100)142(97)112(56)103(92) 

Gluconic 
acid 

196 20.82 420 
217 (25) 173 (56) 157 (38) 155 (69) 115 
(100) 103 (51) 

Mannitol 182 21.95 434 
217 (25) 187 (52) 157 (32) 145 (65) 115 
(100) 103 (57) 

Sorbitol 182 22.11 434 
217 (18) 187 (48) 157 (34) 145 (68) 115 
(100) 

Dulcitol 182 22.25 434 217 (19) 187(49) 155 (42) 145(50)115(100) 

Iditol 182 22.33 434 
217 (26) 187 (33) 170 (27) 157 (34) 145 (44) 
115(100) 

Myoinositol 180 21.99 432 
210 (37) 168 (100) 157 (39) 126 (56) 115 
(66) 

Pinitol 194 20.8 404 182 (74) 140 (100) 87 (62) 

Ribitol 152 17.53 362 217 (21) 187 (9) 145(69) 115(100)103(89) 

Arabinitol 152 17.67 362 217 (22) 187 (39) 145(65)115(100)103 (72) 

Xylitol 152 18.02 362 217 (30) 187 (32) 145(68)115(100)103 (68) 

Threitol 122 12.88 290 217(8) 145 (74) 128 (28) 115 (100) 103 (81) 

Erythritol 122 12.49 290 
217 145 (11) 145 (85) 128 (33) 115(94) 103 
(100) 
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Figure 4-12: GC-MS analysis of polyol standards at 0.8µg/0.2ml (A and C) in comparison 

with polyols in brain (B and D). 
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Figure 4-13: Separation of SDB + DI brain samples (green) and controls (blue) on the basis 

of the GC-MS analysis of sugar alcohols. 

 

 

 

Figure 4-14: Cross validation by permutation plot for Figure 4-13. 
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Table 4-9: Calibration curve data for sugar alcohols and gluconic acid over the range 1-

16µg with pinitol as an internal standard. 

Metabolite Equation of the line  (R2 value) 

Sorbitol Y=0.1093x ï 0.5450 0.9994 

Gluconic acid Y=0.0120 x + 0.00113 0.9660 

Ribitol Y=0.1252x ï 0.04750 0.9998 

Arabinotol Y=0.1228x ï 0.0448 0.9991 

Xylitol  Y=0.1277x ï 0.0454 0.9996 

Erythritol Y= 0.0450x ï 0.0563 0.9918 

 

 

Table 4-10: The amounts of sugar alcohols and gluconic acid in post-mortem brain samples. 

Sugar 

SDB+DI  

ɛg/g 

(RSD) 

SDB ɛg/g 

(RSD)  

Control  

ɛg/g 

(RSD) 

SDB+DI /C 

ratio  

(P.Value) 

SDB / C 

ratio 

(P.Value) 

Sorbitol 
22.7 

(±56.4) 

22.3 

(±56.4) 

13.5 

(±57.0) 

1.67 

(0.0079) 

1.65 

(0.0015) 

Gluconic 

acid 

3.96 

(±55.8) 
4.2 (55.6) 

1.96 

(±40.7) 

1.96 

(0.0006) 

2.06 

(0.0012) 

Ribitol 
9.8 

(±21.8)  
10.3 (20.2) 

9.3 

(±25.9) 
1.06 (0.18) 

1.11  

(0.060) 

Arabinotol 
7.9 

(±26.6) 
8.0 (26.6) 

8.5 

(±34.1) 
0.93 (0.37) 

0.94  

(0.490) 

Xylitol  
4.1 

(±28.3) 
4.3 (28.3) 

7.1 

(±57.8) 

0.58 

(0.0042) 

0.61 

(0.006) 

Erythritol 
15.1 

(±23.8) 

15.4 

(±23.8) 

12.9 

(±34.9) 
1.17 (0.028) 

1.18 

(0.056) 
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4.4  Discussion  

4.4.1  High Levels of BCAs and Other Liphilic Amino Acids in SDB 

Samples  

The OPLSDA models based on the larger number of variables (Figures 4-2 and 4-5) 

and the univariate differences will be used to develop some hypotheses based on the 

underlying metabolite differences. The highest VIPs in the OPLS-DA model (Figure 

4-2) of the SDB samples against the controls are the branched chain amino acids 

(BCAs) leucine/isoleucine and valine which are elevated above the levels found in the 

controls. The importance of these metabolites in S and B disorder has recently been 

highlighted (Burghardt et al., 2015). There have been a number of recent 

metabolomics studies of obesity and insulin resistance and it has been observed that 

there is a distinct metabolic signature linked to metabolic syndrome where the plasma 

levels of BCAs, leucine, isoleucine, and valine, were elevated together with 

methionine, glutamine, phenylalanine, tyrosine, asparagine, and arginine (Newgard et 

al., 2009, Huffman et al., 2009). A study which was carried out on a cohort of 1872 

individuals who were subdivided in lean, overweight, and obese groups proposed that 

BCAs levels can provide a better signature of metabolic wellness than BMI (Batch et 

al., 2013). Another group found that elevated levels of BCAs in plasma could be linked 

to obesity and potentially to the development of insulin resistance in children and 

adolescents (McCormack et al., 2013). BCAs are known to promote production of 

muscle protein (Rennie et al., 2006) and an elevation in their levels may indicate that 

the uptake of BCAs into muscle tissues is reduced. Metabolomic profiling of plasma 

from schizophrenics, even before medication, has been found to indicate that they are 

at risk of developing metabolic syndrome (Paredes et al., 2014). Antipsychotic 
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medications are known to significantly increase metabolic complications and induce 

weight gain and although the medication history of the relating to current samples is 

unknown it unlikely that variations in medication alone would be sufficiently 

systematic to account for the differences observed. In addition to BCAs, the neutral 

amino acids including proline, methionine, tyrosine, and tryptophan are all elevated in 

the SDB/DI group and have high VIP values. There is an early report of marginal 

differences in the levels of lipophilic amino acids in plasma from schizophrenics with 

valine, phenylalanine, alanine, leucine, isoleucine, methionine, and tyrosine all being 

elevated (Bjerkenstedt et al., 1985). However, the current data do not support the 

theory proposed by that paper, which was that elevation in lipophilic plasma acids 

might produce competition for lipophilic amino acid transporters into the central 

nervous system (CNS), resulting in reduced uptake of the amino acids tyrosine and 

tryptophan which are required for neurotransmitter biosynthesis. Proline is a potential 

precursor of glutamate which is a neurotransmitter in brain and it has previously been 

shown to be increased in individuals diagnosed with schizophrenia. There is limited 

literature indicating that proline dehydrogenase (PRODH) activity may be up-

regulated in schizophrenia (Kempf et al., 2008, Tunbridge et al., 2004). However, this 

would be expected to lead to a fall in proline levels which does not fit with the current 

observation. 

 

4.4.2  Alterations in Sugar Metabolism  

It was not possible to clearly identify the different sugar alcohols using LC-MS since 

the isomeric compounds have almost identical retention times and their MS/MS 

spectra are very similar. In order to get a clearer identification of the sugar alcohols in 
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brain, standards and a brain extracts were derivatised and analysed by GC-MS. The 

high chromatographic resolving power of a capillary GC column was able to separate 

the isomers. The levels of glucose in these brains appeared to be very low and the 

major sugar in the brain was myo-inositol, is a carbocyclic sugar that is abundant in 

brain and other mammalian tissues. As can be seen in Figure 4-12, there are several 

sugar alcohols, hexitol, pentitol and tetritols, in the brain. The presence of these 

compounds has been observed before in human cerebrospinal fluid (CSF) (Shetty et 

al., 1996). The major hexitol in the brains is sorbitol, but the pentitol peak observed in 

LC-MS as a single peak is due to the presence of three compounds, ribitol, arabinotol, 

and xylitol. In addition, there are two tetritols, erythritol and an unknown isomer, 

which are also elevated. It has been observed that the levels of these polyols in brain 

are elevated in response to osmotic stress (Lien et al., 1990). In the current case, the 

levels of sorbitol, gluconic acid, ribitol, and erythritol are higher in the SDB/DI 

samples in comparison with the controls as judged from both the LC-MS and the GC-

MS data (Tables 4-5 and 4-10). 

 

4.4.3  Elevation of Polyols and Oxidative Stress  

Hypothesis which suggested that oxidative stress may has a pathophysiological role in 

mental illness was supported by the increased levels of some indicators of oxidative 

stress in patients with schizophrenia (Yao et al., 2001). Since the sugar alcohols are 

not closely linked within a particular pathway and several are elevated, this suggests 

that the higher levels might be due to an upregulation of aldose reductase which has a 

wide substrate specificity and is able reduce many different aldoses. Formation of 

sugar alcohols via aldose reductase activity is responsible for some of the 
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complications of diabetes and also generates oxidative stress since NADPH is 

consumed in carrying out the reduction (Yabe-Nishimura, 1998). A previous paper 

observed that altered glucose metabolism in the brains of those diagnosed with 

depression and schizophrenia, where sorbitol was increased by a factor of 2.2 

(Regenold et al., 2004), similar to the elevations in the SDB brains in the current study. 

A recent metabolomic study observed altered glucose metabolism in peripheral blood 

mononuclear cells in schizophrenia with alterations in several glycolysis and Krebs 

cycle metabolites (Liu et al., 2015). Glucaric acid, which is increased in SDB, also 

contributes to the model and has a high correlation to the model. Glucaric acid is of 

interest since it also relates to sorbitol and gluconic acid, being only a single oxidation 

step away from gluconic acid. Glucaric acid has been frequently monitored in urine as 

a marker of xenobiotic stress and urinary levels have been observed to rise in response 

to treatments with phenothiazines (such as the antipsychotic, chlorpromazine) (Wright 

et al., 1983). Sedoheptulose is considerably elevated in SDB brains while a compound 

putatively identified as deoxysedoheptulose phosphate is depressed. The published 

metabolomics study on brain tissue from a mouse model of psychiatric disorder, the 

Npas3 knockout, also showed elevated levels of sedoheptulose (2.65-fold increase) 

(Sha et al., 2012). This suggests that changes in glycolysis or nucleotide metabolism 

might be altering flux through the pentose phosphate pathway which could correlate 

with an increased requirement for NADPH as a co-factor for aldose reductase since 

NADP is converted to NADPH with formation of phosphogluconate at the entry to the 

pentose phosphate pathway. In addition, there is a deficit in the neuromodulator 

NAAG in the SDB brains; NAAG has been found to protect against neuronal death 
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induced by exposure to glucose in a cell-culture model of diabetic neuropathy 

(Berenẗ́ Spillson et al., 2004). 

As such, brain tissue accounts for around 20% of the oxygen consumption by the body 

and thus is a major site of oxidative stress. Carnosine, homocarnosine, and anserine 

are important antioxidants in brain and skeletal muscle (Kohen et al., 1988). A 

compound, present in high amount in the brains, putatively identified as anserine 

which is isomeric with homocarnosine but has a different retention time  is an 

important component in the OPLS-DA model separating control and SDB brains and 

it is significantly lower in the SDB samples according to the univariate data. Lower 

levels of anserine might indicate increased oxidative stress in the SDB samples. Of the 

three commonly occurring histidine dipeptides, anserine has been observed to be the 

most effective anti-oxidant (Kohen et al., 1988). 

 

4.4.4  Altered Purine Metabolism  

From the univariate comparisons, the purines guanine and guanosine were found to be 

lower in SDB brains and this can be correlated with elevated levels of uric acid in SDB 

brains. In a recent publication, it was observed that the severity of schizophrenic 

symptoms could be predicted from a high ratio of uric acid to guanine (Yao et al., 

2012, Yao et al., 2001) and the current data indicate that in SDB brains purine 

oxidation seems to be more active. Also, it has been suggested that the elevated uric 

acid is indicative of high levels of oxidative stress. 
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4.4.5  Gamma -aminobutyric  acid (GABA)  Deficiency  

GABA and its metabolite guanidino butyrate, which is formed directly from GABA 

via arginineïglycine amidinotransferase (Rowland et al., 2012) are important variables 

in the OPLS-DA model separating control and SDB brains. It is well established that 

there is a deficit in GABAergic transmission in schizophrenia (Hashimoto et al., 2003, 

Guidotti et al., 2005). The GABA receptor governs the entry of the chloride ion into 

cells (Suzdak et al., 1986) and one of the highest VIP values in Table 4-2 is for an 

adduct formed between chloride and carbonate which is present in the mobile phase 

which is strongly correlated with the SDB group. Initially, this peak was assigned to 

orthophosphate according to the library search but it runs earlier than the standard for 

orthophosphate. Inspection of the peak revealed a chlorine isotope pattern and the 

elemental composition matches the carbonic acid/chloride adduct. Chloride itself is 

below the lower mass range cut off for the instrument. 

 

4.4.6    Alterations in Biog enic Amine Metabolism  

A number of neurochemically important compounds are significantly changed in the 

univariate data. Tryptamine has long been associated with mental illness particularly 

schizophrenia (Burchett and Hicks, 2006) and it is clearly slightly elevated in the SDB 

brain samples. In the SDB samples, there is a depression of norepinephrine sulphate 

levels; there are two isomers of this compound in brain both of which are depressed. 

Glucuronide and sulphate conjugates of dopamine and serotonin have been measured 

in brain dialysate previously (Suominen et al., 2013); there was no evidence in the 

current case for the presence norephinephrine glucuronide conjugates in brain. 

Although not significant in the OPLS-DA model, in the univariate analysis, N-
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acetylvanilalanine is significantly elevated in bipolar brains. This metabolite is of great 

interest since it is a marker for a deficiency of aromatic amino acid decarboxylase 

(AADC), also known as DOPA decarboxylase deficiency, which can lead to a deficit 

in the levels of several neurotransmitters (Abdenur et al., 2006). This can be correlated 

with elevated levels of all the aromatic amino acids in the SDB brains. There are also 

elevated levels of kynurenine and kynurenamine which are metabolites of tryptophan 

which have neuropathological effects (Tan et al., 2012). 

 

4.4.7    Differences in a Sub -group of SDB Samples  

There are many other differences in the univariate data and it is difficult to rationalise 

them all. In order to determine if there are subgroups within the samples, a PCA model 

was fitted to the 36 samples used to produce the OPLS-DA model using only the 

metabolites shown in Table 4-S2 which were significantly different according to 

univariate analysis. HCA clearly highlighted a group of 9 SDB samples which were 

far away from the rest of the samples that did not clearly separate in the PCA plot 

(Figure 4-7). The metabolites which were most significant in separating this sub-group 

from the controls in the PCA plot are listed in Table 4-5 along with P-values and ratios 

derived from univariate comparison of these nine samples with the control samples. 

The brains in this subgroup contain much lower levels of NAAG in comparison with 

the rest of the SDB group and sorbitol, gluconic acid, and xylitol/ribitol/arabinotol are 

also higher than in the general cohort. In addition, N-acetylvanilalanine is higher in 

these samples along with tyrosine and phenylalanine than in the rest of the SDB 

samples which might indicate a greater degree of aromatic amino acid decarboxylase 

deficiency. However, tryptophan is not significantly different in this subgroup 
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compared with the rest of the SDB samples although its metabolite tryptamine is 

elevated. In addition norepinephrine sulphate and guanosine are significantly lower in 

this group compared with the rest of the samples. 

 

4.4.8  OPLS-DA Models Based on Reduced  Metabolites  

Figures 4.S4 ï 4.S9 show extracted ion traces for the six marker compounds produced 

from the OPLS-DA models as listed in Tables 4-6 and 4-10. GABA and valine are 

important components in the models shown in (Figure 4-8 and Figure 4-10) and have 

been discussed above. Ascorbic acid does not show up strongly with regard to 

univariate statistics having a P value of 0.5 when comparing the samples modelled in 

Figure 4-2. There have been reports of increased ascorbic acid requirements in 

schizophrenia with reduced urinary excretion being observed (Yao et al., 2001). 

Carnitine and its acyl derivatives have been reported to have potential in the treatment 

of neurochemical disorders (Malaguarnera, 2012). Finally, it was observed in a 

previous study that pyruvate levels were lowered in the thalmus of the post-mortem 

brains of schizophrenics in comparison with controls (Martins-de-Souza et al., 2010). 

In the current case, pyruvate is slightly elevated in the SDB group, but the part of the 

brain analysed in the current case was different. 

 

 

 



  

Page | 145 

 

4.5  Conclusion  

In conclusion, many differences were observed in SDB versus control brains which 

have been observed by previous papers such as lower levels of NAAG and GABA in 

the SDB brains, elevated levels of sorbitol, and the importance of branched chain 

amino acids. Current strategy of treating the three psychiatric disorders as a single 

disease entity (SDB) may reduce the ability to detect specific aetiological biomarkers, 

but it increased sample size, diluted disease-specific medication effects, and most 

importantly, allowed the identification of a metabolic profile reflecting a shared 

pathological state. Since there are no biomarkers for mental illnesses and these 

diseases are multifaceted, diagnosis is never absolute and indeed this can be seen in 

scatter plots where each individual is different. However, there is enough in common 

in the SDB group for them to be classified as more similar to each other than to the 

controls. Certain key metabolites highlighted as being more important in the pathology 

and it seems that abnormal sugar and branched chain amino acid metabolism might be 

a key element in SDB as reflected in the metabolic similarity between SDB and 

diabetes. There are no previous metabolomics studies of post-mortem brain tissue in 

mental illness. Although this is only a small study, the findings are in agreement with 

several previous studies looking at specific markers and in respect of some markers 

with studies going back many years. In addition it was necessary to develop a GC-MS 

method in order to separate isomeric sugar polyols which would not separate on 

HILIC. In future work, the study will  be highlighted available markers which could be 

quantified in physiological fluids for the purpose of diagnosis or the monitoring of 

treatment. Altered metabolism of sugar polyols in mental illness the reducing sugars 

(sugar aldehydes) were examined. 
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Abstract :  

Separation of sugar isomers extracted from biological samples is challenging because 

of their natural occurrence as alpha and beta anomers and, in the case of hexoses, in 

their pyranose and furanose forms. A reductive amination method was developed for 

the tagging of sugars with the aim of it becoming part of a metabolomics work flow. 

The best separation of the common hexoses (glucose, fructose, mannose and galactose) 

was achieved when 2H5-aniline was used as the tagging reagent in combination with 

separation on a ZICHILIC column. The method was used to tag a range of sugars 

including pentoses (ribose and xylose) and sugar derivatives (N-acetylneuraminic acid 

and glucuronic acid). The method was simple to perform and was able to improve both 

the separation of sugars and their response to electrospray ionisation where a number 

of hexose and pentose isomers could be observed in biological samples. The method 

was applied to the profiling of sugars in post-mortem brain samples from six control 

samples and eighteen samples from individuals who had suffered from schizophrenia, 

depression and bipolar (SDB) disorder. It was also applied to the quantification of 

sugars to confirm the important role of sugars metabolism through evaluation of the 

relation between the changes in sugar levels and psychiatric disorders that proved in 

this work. 
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5.1  Introduction  

Reducing sugars can exist as Ŭ- and ɓ-anomers and also in pyranose (Ŭ-anomers) and 

furanose (ɓ-anomers) ring forms (Figure 5-1). The pyranose form of glucose is a 6-

membered hemiacetal, while the furanose form is a 5-membered hemiacetal. In the Ŭ-

anomers, the hydroxyl group on the anomeric carbon is below the plane of the structure 

while in the ɓ-anomers the hydroxyl group attached to the anomeric carbon is above 

the plane of the structure. This configuration is also observed in other hexose sugars 

such as galactose, fructose, and mannose (Bermejo-Deval et al., 2012). 

 

 

 

Figure 5-1: The equilibrium forms of glucose where the aldehyde group can react to form 5 

(furan) or six membered ring via formation of a hemiacetal. The hydroxyl group generated 

can be in the Ŭ- or ɓ-position. 
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Neutral sugars are some of the most difficult analytes to characterise during 

metabolomics analyses by LC-MS and this is for two reasons. Firstly, they do not 

ionise strongly in negative ion mode given their lack of ionisable groups. Secondly, 

they tend to give jagged peaks which are broad because they can exist in four different 

ring forms which are in equilibrium with each other. Raising the pH of the mobile 

phase can partly overcome these problems since this speeds up the equilibration rate 

between the four forms so that it becomes more rapid than the chromatographic mass 

transfer processes. However, additives such as trimethylamine or ammonia which have 

been used to promote mutarotation are not mass spectrometry friendly and in addition 

many chromatography columns are not stable to the high pH values required to 

increase the rate of mutarotation. Complete chromatographic separations of the 

common monosaccharides using liquid chromatography are rare (Yan et al., 2016, E 

Young et al., 2016). In previous work, a calcium ligand exchange column was partly 

able to resolve the problem of sugar separation. Using this column was able to separate 

glucose and fructose, but was not mass spectrometry compatible because the sugars 

tended to form a complex mixture of calcium adducts in the MS making spectra hard 

to interpret (Qian et al., 2008). The separation of the sugar isomers by using GC is 

achievable although even in this case the elution times of the isomers are close 

particularly when oximation is used which produces two peaks for each sugar. In GC-

MS analysis analytes are subjected to electron impact ionisation and this results in 

uninformative spectra where there is no molecular ion and the fragments ions are not 

definitive of a sugar structure (Molnár-Perl and Horváth, 1997, Boldizsar et al., 1998, 

Medeiros and Simoneit, 2007). In the case of high resolution MS under electrospray 

conditions, all the ion current is carried by the molecular ion thus giving high 
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sensitivity and precise identification since the exact molecular weights the sugar 

isomers are predictable. This allows data from biological samples to be mined for 

unknown or unexpected sugars. 

These major problems, as described above, can be reduced by using of derivatising 

agents to avoid the formation of several various isoforms. Derivatising agents can be 

used to introduce ionisable function groups into the sugars thereby both improving 

separation and the detection of the poorly ionising sugars by electrospray mass 

spectrometry. A frequently adopted strategy for sugar derivatisation prior the 

separation by liquid chromatography is to carry out reductive amination of the sugars 

at low pH (Fischer et al., 2003, Baxter and Reitz, 2004). The aldehyde group of the 

sugar reacts with the amine to form a Schiff's base, since a Schiff's base can exist in 

syn- and anti-forms thus potentially producing two chromatographic peaks and it is 

also not particularly stable. This reaction is pushed to completion by reducing the 

Schiff's base to produce a single amine product which is stable against hydrolysis. 

There have been several reviews of the methods used for derivatising sugars (Gao et 

al., 2003, Harvey, 2011, Fekete et al., 2015). Three basic rules have been established. 

Firstly, the reaction should be conducted at low pH so that the acyclic form of the sugar 

is favoured over the cyclic form, since it is the aldehyde form that reacts to form the 

Schiff base. Thus it is better to carry out the reaction at a fairly low pH (e.g. in dilute 

acetic acid). The second rule can be determined by having to work at low pH. It is 

necessary to use a weak base that is not fully protonated at low pH to get a successful 

reaction because it is the unprotonated form of a base that reacts with the aldehyde. A 

good example of such a base is aniline which has been used for many years to detect 

sugars following their separation by thin layer chromatography. The pKa value of 
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aniline is about 4.5 so even working at around pH 3.5 there is still enough of the 

unprotonated form of the base to react with the sugar. A base such as aminobenzamide 

has an even lower pKa value (ca 2.0) and may be even better than aniline for the 

derivatisation of sugars (Morelle et al., 2005). The presence of the amide group at the 

para-position to the amino group increased the electron withdrawing effect away from 

the nitrogen of the basic group, which weakens the latter. Finally, the third rule is that 

the reducing agent used to reduce the Schiff's base should be stable under acidic 

conditions. Sodium borohydride is often used in reductive amination reactions but it 

is of no use in the current case since it is unstable under acidic conditions. Thus it is 

necessary to use a suitable acid-stable reducing agent such as 2-methylpyridineborane 

complex which is stable at low pH (Baxter and Reitz, 2004). Other sugar derivatives 

such as N-acetylneuraminic acid (NANA), N-acetylglucosamine (NAG) which are the 

saccharide units present in glycosphingolipids occurring in the brain of vertebrates 

may be strongly correlated with brain disorders (Tettamanti et al., 2003). NANA is the 

only sialic acid present in human tissues and is essential for appropriate brain 

development. It is a crucial component of neuronal membranes found in the brain as 

reported to play an important role in adult brain (YU and LEDEEN, 1970). 

The previous project in this thesis, Chapter 4, indicator to the association between 

sugars metabolism and mental illness. Due to the GC-MS method used in analyse 

sugars is a less suitable for untargeted profiling, the LC-MS method on the Orbitrap is 

more suitable for untargeted profiling and gives accurate masses and molecular ions. 

Therefore, in the current study, LC/MS-based sugars derivatisation method was 

applied to analysis the sugars in post-mortem human brain in order to determine 

whether or not perturbed sugar metabolism is associated with mental illness. 
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5.1.1  Aim of the Study  

The aim of the current study was to apply the developed reductive amination method 

which would allow separation of the common hexoses fructose glucose, galactose and 

mannose in the identification of unknown sugars detected in brain samples. 

Additionally, pentoses, ribose and xylose, and other sugar derivatives including 

NANA,  NAG and glucuronic acid will be quantified in post-mortem brain samples in 

the present study. 

 

5.2  Materials and Methods  

5.2.1  Chemicals and Materials  

HPLC grade ACN, formic acid, acetic acid, aniline. HCl, 2H5-aniline, picoline borane 

complex, glucose, fructose, mannose, galactose, ribose, xylose, arabinose, glucuronic 

acid, galacturonic acid, NAG and NANA were obtained from Sigma Aldrich, Dorset, 

UK. 

 

5.2.2  Biological Samples  

Post-mortem brain samples were also available from a previous study (Zhang et al., 

2016) and were provided by from the Sudden Death Bank collection held in the MRC 

Edinburgh Brain and Tissue Banks. Full ethics permission has been granted to the 

Banks for collection of samples and distribution to approved researchers, the 

University of Strathclyde Ethics Committee also approved the local study of this 

material. 
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5.2.3  Sugar Derivatisation  

Solutions of the sugar standards were prepared at 1 mg/ml in methanol and were then 

derivatised with deuterated aniline as follows. The tagging agents were prepared at 10 

mg/ml in methanol/water containing 10% (v/v) acetic acid (50:50) (solution A) and a 

solution containing 10mg/ml of picoline-borane in methanol/water (1:1) (solution B) 

was also prepared. An aliquot of each sugar (50ɛl) solution was mixed with 40ɛl of 

solution A. The mixture was then heated in a heating block at 40OC for 30 min. Then 

20ɛl of solution B was added and the resulting mixture again heated at 30OC for 45 

min. The samples were then blown to dryness in a stream of nitrogen gas and re-

dissolved in 0.2 ml of water containing 0.1% (v/v) formic acid, before adding 1 ml of 

ACN. The reaction outline of the reductive amination method to tag sugars and its 

derivatives by using deuterated-2H5 aniline is illustrated in Figure 5-2. 

 

 

Figure 5-2: Reductive amination of a sugar and its derivatives using deutero-2H5 aniline and 

picoline borane. 
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5.2.4  Profiling of Biological Samples  

Brain tissue (200mg) was extracted by homogenising with 1ml of ACN/water 

containing 1ɛg/ml of 13C6-glucose, a glucose molecule containing six of labelled 

atoms; where ó13Cô refers to the atom isotope of glucose (labelled atoms) and ó6ô refers 

to the number of atoms labelled in the molecule. The sample was centrifuged at 3000g 

and then the supernatant was blown to dryness under a stream of nitrogen and the 

residue was dissolved the 200ɛl of methanol. Then, this sample was treated for 

derivatising as described above (section 5-2-3) by using deuterated aniline as the 

reagent. A calibration curve was prepared by diluting stock solutions of sugar 

standards and carrying out derivatisation to give solutions containing 1ɛg of 13C6-

glucose and 0, 0.1, 0.2, 0.4, 0.8, and 1.6ɛg of fructose, glucose, galactose and mannose. 

 

5.2.5  LC-MS Analysis  

LC-MS analysis was carried out using a Surveyor HPLC pump interfaced to an LTQ 

Orbitrap mass spectrometer operated in positive ion mode with a needle voltage of 4.5 

kV, sheath and drying gases flows set a 20 and 50 arbitrary units and a capillary 

temperature of 250°C. Separation was carried out on a ZICHILIC column 

(150×4.6mm, 3.5ɛm particle size, HiChrom Reading, UK) in isocratic mode with an 

ACN/water (90:10) mobile phase containing 0.01% (v/v) formic acid at a flow rate of 

0.6 ml/min. 
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5.3  Results  

5.3.1  Underivatised Sugars  

Extracted ion chromatograms obtained for underivatised glucose and galactose on a 

ZICpHILIC column with standard metabolomics screening conditions (Zhang et al., 

2016) are shown in Figure 5-3 which uses hydrophilic interaction chromatography at 

pH 9.2 with ESI-MS with positive or negative ion detection. There is little chance of 

getting a good separation as long as all the four forms of the sugars are present since 

the peaks are broad and misshapen even under the conditions used to produce the 

chromatograms (Figure 5-3) which were obtained at a pH of 9.2. On the other hand, 

there was not sufficient resolution to separate the four common hexose sugars by 

derivatives formed with 4-amino-N,N,N-trimethylbenzenaminium (TMBA). The 

positive charge on the tag appears to dominate the separation and the stereochemistry 

of the sugar attached has little impact on the separation (Bawazeer et al., 2017). 

 

 
Figure 5-3: Extracted ion chromatograms for glucose and galactose in negative ion mode on 

a ZICpHILIC column (150×4.6 mm, 5ɛm) with a gradient between acetonitrile and ammonium 

carbonate pH 9.2. 
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5.3.2  Tagging with Deuterated A niline ( 2H5-aniline):  

Aniline has been used for many years a tagging agent for sugars and it was found that 

when used to tag the sugars it produced good separation between glucose and galactose 

and reasonable separation between galactose and mannose (Figure 5-4A). The original 

intention had been to use 2H5-aniline as a stable isotope tagging agent so that for 

instance, control and disease samples could be analysed in the same run in the manner 

pioneered by Guo and Li (Guo and Li, 2009). However, it was found when 2H5 ïaniline 

was used as a tagging agent there was slightly better separation between mannose and 

galactose (Figure 5-4B) and better peak shape. Figure 5-5 shows the separation of 

fructose, glucose, galactose and mannose as their 2H5ïaniline derivatives on a 

ZICHILIC column under isocratic conditions in a mobile phase using ACN/water 

(90:10) containing 0.01% (v/v) formic acid. Mannose and galactose are almost 

baseline resolved and are well separated from glucose. Fructose produces two peaks 

since reduction of the Schiff's base introduces an additional stereocentre and thus 

forms a pair of diastereomers. These derivatives offer both resolution and sensitivity 

and also the fractional mass increment conferred by the tag is quite distinctive because 

of the presence of five deuterium atoms giving high confidence in identification of 

unknown tagged components extracted from a biological matrix. 
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Figure 5-4: Comparison of the separation of (A) aniline and (B) 2H5ïaniline derivatives 

galactose and mannose run on a ZICHILIC column in ACN/water containing 0.01% (v/v) 

formic acid at 0.6 ml/min. 

 

 

 

 
Figure 5-5: 2H5ïaniline of 1ɛg amounts of hexose standards run on a ZICHILIC column in 

ACN/water containing 0.01% (v/v) formic acid at 0.6 ml/min. 
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The derivatisation process can be conducted easily and the formation of the derivatives 

increases the response for the sugars under ESI conditions. The effect of incorporation 

deuterium atoms in both reversed phase LC and GC is well known (Wade, 1999). In 

these chromatographic modes deuterated isotopomers run earlier than their non-

deuterated counterparts indicating that deuterated isotopomers are less lipophilic. The 

reason for this has not been fully explained, but may be related to the lower vibrational 

energy of the carbon deuterium bond (Wade, 1999) in comparison with the carbon 

hydrogen bond. Conversely in the case of the HILIC method used in the current study 

the sugars tagged with the 2H5-aniline are more hydrophilic than those tagged with 

aniline and run circa one minute later. This increased retention is sufficient to produce 

slightly improved resolution between galactose and mannose in comparison with the 

aniline derivative. Lowering the water content further did not greatly improve the 

separation of the aniline tagged derivatives because of increased band broadening with 

RT. It would seem that the greater the contribution of the tag to the retention properties, 

the less the sugar stereo chemistry of the sugar contributes to retention. In preliminary 

work to develop our derivatisation method (Bawazeer et al., 2017), very little 

separation of the hexose isomers was observed when the amino benzamide used as a 

tag. It was found that the best separation of the 2H5ïaniline derivatives was produced 

by using a low concentration of acid modifier and a relatively high flow rate for a mass 

spectrometric method of 0.6 ml/min. The tagging method, reductive amination 

method, was applied to a selection of sugars of biological interest. Table 5-1 

summarises the retention times and the molecular ions obtained for 2H5- aniline 

derivatives of some sugars. 
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Table 5-1: Retention and molecular ion data for some sugar standards tagged with of 2H5- 

aniline and run on a ZICHILIC column in ACN/water containing 0.01% (v/v) formic acid at 

0.6 ml/min. 

Sugar 
Derivatised 

Chemical Formula 

m/z of deuterated-5- 

aniline derivative 

Retention 

Time (min) 

Glucose C12H15
2H5O5N 263.1646 10.54 

Galactose C12H15
2H5O5N 263.1646 13.20 

Mannose C12H15
2H5O5N 263.1646 13.97 

Fructose C12H15
2H5O5N 263.1646 9.09, 9.90 

Glucuronic acid C12H13
2H5O6N 277.1436 15.3 

Galacturonic acid C12H13
2H5O6N 277.1436 18.5 

Ribose C11H13
2H5O4N 233.1456 8.0 

Xylose C11H13
2H5O4N 233.1456 7.1 

N-acetyl 

glucosamine 
C14H18

2H5O5N2 304.1905 9.4 

N-acetylneuraminic C17H22
2H5O8N2 392.2063 27.7 

 

 

5.3.3  Quantification and Profiling of Sugars in Post -Mortem Human 

Brain:  

In related earlier paper (Zhang et al., 2016), it was showed that post-mortem brains 

from subjects who had S, D and B disorder had elevated levels of polyols in 

comparison to controls, also the details of the samples and results are given in Chapter 

4 of this thesis. In order to illustrate the potential applying of this method for 

uncovering unusual patterns in quantification of sugars, the derivatisation procedure 

was applied to the analysis of a sample of mental illness brains followed by 

quantification using the extracted ion traces for the sugar derivatives. Several hexoses 

and pentoses (Table 5-1) were observed in the mental illness samples when these 

samples were treated by the reductive amination method for the analysis of sugars. The 
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calibration curves were prepared in five concentrations (0.0, 0.1, 0.2, 0.4, 0.8 and 

1.6µg) for a mixture of some sugar standards tagged with of 2H5- aniline (Table 5-1). 

13C6-glucose was added as internal standard (InS) and was also added to the standard 

sample mixtures at a fixed concentration of 1µg. Table 5-2 summarises the peak areas 

of each of the sugars and the peak-area ratio of analyte to the internal standard (13C6-

glucose) at each of the above five concentrations prepared for the sugar standards. The 

Figures 5-6 - 5-15 show the calibration curves for the sugar derivatives detailed in 

Table 5-1. These calibration curves were established based on the ratio of sugar 

standards to internal standard (Table 5-2) in order to calculate the linearity, slope and 

intercept values, to be used in quantification of the amount of sugars in the biological 

samples. 

Table 5-2: Summary table showing peaks areas and peak-area ratios of A: glucose with 

(0.5-8µg) and B: other sugar standards with (0.1-1.6µg) to 13C6- glucose as internal 

standard (InS) 

A 
Con. µg 0.5 1 2 4 8 
13C_Glucose Area (InS) 220090409 214776002 206314371 185003622 164523924 

Glucose Area 22432995 44185542 78797603 137959396 224337688 

Glucose/ InS Ratio 0.1 0.21 0.38 0.75 1.36 

B 
Con. µg 0.1 0.2 0.4 0.8 1.6 

13C_Glucose Area 220090409 214776002 206314371 185003622 164523924 

Galactose Area 9761883 21962177 40551615 82164045 154706883 

Galactose/ InS Ratio 0.04 0.1 0.2 0.44 0.94 

Mannose 6789431 15770765 28103931 64373819 122387981 

Mann/ InS Ratio 0.03 0.07 0.14 0.35 0.74 

Fructose 78200 148439 556143 1574602 3037843 

Fructose/ InS Ratio 0.01 0.03 0.08 0.25 0.46 

Glucuonic acid Area 437040 561991 5220146 8223444 25450593 

Glucuonic acid/ InS Ratio 0.002 0.003 0.025 0.044 0.155 

Galacturonic acid Area 17409 66152 49725 98251 87177 

Galacturonic acid/ InS Ratio 0.0001 0.0003 0.0002 0.0005 0.0005 

Ribose Area 5712241 14419857 25310665 50270603 103399224 

Ribose/ InS Ratio 0.03 0.07 0.12 0.27 0.63 

Xylose Area 11663019 22091847 36244008 74047574 114615603 

Xylose/ InS Ratio 0.05 0.1 0.18 0.4 0.7 

NAG Area 90608 504509 868177 1287085 1217663 

NAG / InS Ratio 0.0004 0.0023 0.0042 0.007 0.0074 

NANA Area 21990 201407 854165 657111 3604511 

NANA/  InS Ratio  0.0001 0.0009 0.0041 0.0036 0.0219 
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Figure 5-6: Calibration curve for glucose (0.5-8.0µg). 

 

 

 

Figure 5-7: Calibration curve for galactose (0.1-1.6µg). 
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Figure 5-8: Calibration curve for mannose (0.1-1.6µg). 

 

 

Figure 5-9: Calibration curve for fructose (0.1-1.6µg). 
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Figure 5-10: Calibration curve for glucuronic acid (0.1-1.6µg). 

 

 

 

Figure 5-11: Calibration curve for galacturonic acid (0.1-1.6µg) 
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Figure 5-12: Calibration curve for ribose (0.1-1.6µg). 

 

 

 

Figure 5-13: Calibration curve for xylose (0.1-1.6µg). 
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Figure 5-14: Calibration curve for N-acetyl glucosamine (0.1-1.6µg). 

 

 

 

Figure 5-15: Calibration curve for N-acetylneuraminic (0.1-1.6µg). 
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Table 5-3 shows the calibration data for some sugar derivatives obtained by plotting 

the ratio of the peak-area ratio for each hexose against the 13C6-glucose (analyte to InS) 

in the range 0.1ï1.6ɛg. These data, the coefficient of regression (R2 on chart) and the 

regression equation on chart (slope and intercept values), were extracted from the 

calibration curves for examined sugars as shown in Figures 5-6 ï 5-15 to evaluate the 

linearity of method. It is clear that the hexoses and pentoses react much more 

efficiently with the tag than the sugar acids and amino sugars. The LC/MS-based 

developed reductive amination method was applied to measure the amount of sugars 

tagged with deuterated aniline in mental illness brain (SDB) samples. The derivatised 

sugar levels in 200 mg of control and SDB brain tissue which are summarised in Table 

5-4 were quantified based on slope and intercept values obtained from calibration 

(standard) curves. 

 

Table 5-3: Calibration data based on ratio of response of derivatised sugars to response for 

derivatised internal standard (13C-glucose) over the range 0.1-1.6ɛg. 

Sugars Equation of the line (R2) 

Glucose y = 0.1676x + 0.0402 0.998 

Galactose y = 0.5996x - 0.0262 0.9988 

Mannose y = 0.4804x - 0.0314 0.9972 

Fructose y = 0.5965x - 0.0101 0.9833 

Glucuronic acid y = 0.1021x - 0.0175 0.9653 

Galacturonic acid y = 0.0003x + 0.0002 0.6797 

Ribose y = 0.4006x - 0.0252 0.9952 

Xylose y = 0.4337x + 0.0168 0.9936 

N-acetyl glucosamine y = 0.0043x + 0.0016 0.768 

N-acetyl neuraminic y = 0.0139x - 0.0025 0.8964 
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Table 5-4: Summary table showing amount of the major sugars tagged with of 2H5- aniline 

in 200mg of control, and SDB brain tissue. 

Samples 
Glucose 
µg/200mg 

Galactose 
µg/200mg 

Mannose 
µg/200mg 

Glucuronic 
acid 

µg/200mg 

Ribose 

µg/200mg 

N-acetyl 

neuraminic 

µg/200mg 

B1 18.93 4.12 234.6 7.77 11.86 8.52 

B2 97.16 1.18 417.75 43.13 35.14 50.83 

B3 170.34 3.97 52.48 2.62 18.02 51.8 

B4 481.85 4.29 322.7 12.61 35.4 69.89 

B5 297.33 10.42 116.76 8.45 43.22 120.37 

B6 161.44 1.46 316.35 11.8 15.32 43.3 

D1 115.08 2.48 43.75 2.88 18.15 29.64 

D2 501.26 2.05 548.25 10.15 33.22 60.78 

D3 243.27 12.08 207.07 53.01 72.05 127.11 

D4 199.6 0.78 192.14 25.86 19.18 26.4 

D5 50.08 0.69 34.21 9.27 10.75 42.36 

D7 197.81 1.55 478.66 24.35 33.72 205.47 

S3 107.89 0.58 446.45 46.01 18.63 60.77 

S4 97.67 0.48 89.85 5.28 12.67 30.76 

S7 245.12 2.06 90.41 8.58 29.09 432.48 

S8 238.36 1.48 340.83 5.26 31.88 123.29 

S9 71.88 0.47 187.23 16.79 9.62 19.1 

S10 307.64 1.05 564.03 6.02 22.73 225.42 

C1 25.54 0.75 32.02 3.37 20.71 68.47 

C2 10.18 3.61 81.72 6.55 24.84 56.73 

C3 27.56 5.93 37.95 17.69 42.08 83.47 

C4 8.39 1.74 15.86 3.81 18.22 62.14 

C16 7.31 0.66 74.73 6.21 12.15 41.47 

C20 12.76 2.54 72.06 8.69 26.74 42.27 
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Table 5-5 shows the average of the concentrations of major sugars in C and brain 

sample groups (SDB). The p-value (t-test) and the peak-area ratio of each analyte in 

SDB to C are also summarised in Table 5-5. The major hexoses which could be 

observed in the brain samples were glucose, galactose, mannose and ribose. Figures 5-

16 and 5-17, respectively, show extracted ion traces for hexoses (glucose, galactose 

and mannose) and pentose (ribose) extracted from post-mortem human brain. The level 

of glucose in the three groups of brain samples (SDB) in all cases is higher than the C 

brains, where the bipolar brains contained a huge amount (up to 217.85ɛg/200mg, 

Table 5-5) which was far above the range of calibration curve and it was unfortunately 

not possible to re-calibrate because of lack of further samples of tissue. The glucose 

levels in the bipolar brain samples fluctuate widely and a larger sample number would 

be required to achieve a statistically significant comparison. Mannose and galactose 

levels are much more consistent in the C samples in comparison with the SDB brain 

samples (Table 5-5). The pentose sugar, ribose, also was elevated in depression 

(31.18ɛg/200mg) and bipolar (26.49ɛg/200mg) brain samples in comparison with 

control samples (24.12ɛg/200mg). In addition, it was possible to observe several other 

sugars in the brain samples including NANA and glucuronic acid, which matched the 

retention times of their derivatised standards (Table 5-1), three isomers of NAG one 

of which matched the standard for this compound, an abundant deoxy hexose and two 

isomers corresponding to reductive amination products probably derived from the 

ketone sedoheptulose (Figure 5-18). 
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Table 5-5: Summarises the average of the amounts of hexose, pentose, NANA and gluconic 

acid in post-mortem brain samples with schizophrenia, depression, bipolar and control. 

      Sugars 

 
Glucose Galactose Mannose 

Glucuronic 

acid 
Ribose Xylose NANA 

Average C 

ɛg/200mg 
15.29 1.02 52.39 7.72 20.77 50.28 51.45 

Average B 

ɛg/200mg 
217.85 4.24 243.44 14.40 26.49 66.56 59.09 

B/C Ratio 14.248 4.157 4.647 1.865 1.276 1.459 1.148 

P-Value 0.0240 0.0639 0.0184 0.3284 0.3962 0.4536 0.9232 

Average D 

µg/200mg 
204.51 3.27 250.68 20.92 31.18 66.83 81.96 

D/C Ratio 13.375 3.208 4.785 2.710 1.501 1.465 1.387 

P-Value 0.0368 0.2650 0.0754 0.1389 0.3195 0.4881 0.4727 

Average S 

µg/200mg 
178.09 2.54 286.47 14.66 24.12 48.26 148.64 

S/C Ratio 11.648 2.488 5.468 1.899 1.161 1.058 2.515 

P-Value 0.0093 0.1270 0.0325 0.3508 0.5566 0.9149 0.2257 

 
 
 
 

 
Figure 5-16: Hexoses extracted from brain tissue obtained from an individual with bipolar 

disorder and a control sample. 



  

Page | 170 

 

 

 
Figure 5-17: Pentose extracted from brain tissue obtained from an individual with bipolar 

disorder and a control sample. 

 

 
Figure 5-18: Additional sugar isomers extracted from brain tissue obtained from an individual 

with bipolar disorder 
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5.4  Discussion : 

Separation of sugar isomers by LC methods is difficult and has not often been achieved 

for even a small set of isomers like the four common hexoses. Capillary GC-MS 

methods have higher chromatographic resolving power than LC-MS methods and can 

be applied to separation of sugar isomers. However, even when using capillary GC 

separation sugar isomers elute closely and this is complicated by the fact that the 

commonly used oximation procedures produce two peaks for each aldose (Molnár-

Perl and Horváth, 1997, Boldizsar et al., 1998, Medeiros and Simoneit, 2007). The 

electron impact fragmentation patterns for derivatised sugars obtained from GC-MS 

analysis are not very informative and are thus not conducive to uncovering the 

presence of new sugars whereas under positive ion ESI conditions most of the ion 

current is associated with the molecular ion giving better specificity and sensitivity. 

The precision of the method for the four common hexoses was determined by carrying 

out the analysis of five aliquots taken from control and bipolar brain samples as 

described recently in our paper (Bawazeer et al., 2017). It reported that the best 

precision was obtained for glucose, where the concentrations were higher and the 

internal standard closely matched the properties of the analyte, compared with another 

sugar, galactose, which gave poorer precisions as specified by Food and Drug 

Administration (FDA) guidelines for bioanalysis (Health and Services, 2001). 

According to this precisions, the high levels of glucose and mannose and the slight 

elevations of galactose level in the present results, based on 18 SDB brain samples 

support the ability of the tagging method to quantify sugar concentrations in biological 

samples. It also has ability to uncover further unknown patterns, there is at least one 

additional unknown hexose, as illustrated in the human brain extracts shown in Figures 
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5-16 and 5-17. Fructose is a ketone, ketonic monosaccharide, and thus is reduced less 

readily than the other sugar aldehydes, aldohexoses, and this probably accounts for the 

poorer precision obtained for this analyte. Thus, if accurate quantification of fructose 

were required, it would be better to employ a stable isotope labelled form of fructose 

as an internal standard. Therefore, although it was one of the four common hexoses 

separated by this method and has good linearity (R2= 0.9833), fructose was not 

quantified in this work. 

In addition, elevated levels of a pentose, ribose and xylose, were observed in some the 

SDB post-mortem brain samples, but did not achieve statistical significance. The 

elevated level of the pentose mirrored the elevation in the levels pentitols observed in 

our earlier paper (Zhang et al., 2016) as described in Chapter four in this thesis. Since 

high-resolution mass spectrometry is used in combination with a tag containing the 

five deuterium atoms, it is possible to be very sure of the identity of such unknowns 

although without a standard the exact isomer remains unknown. The results also 

indicated an increase in level of other sugars including NANA and glucuronic acid in 

three mental illness groups (SDB). The level of NANA in S and D brain samples was 

far higher than B samples in comparison with C although again wide fluctuations 

meant the differences were not statistically significant. Due to its essential role in 

appropriate adult brain development, NANA biosynthesis and more subtle mutations 

in its metabolism may be associated with psychiatric disorders including S and B 

disorder (Schnaar et al., 2014). A current results are similar to other studies which 

reported that the elevation of NANA levels were found in CSF and post-mortem brain 

samples of schizophrenic patients and other psychiatric disorders such as D and B 

(Sullivan et al., 2007, Schnaar et al., 2014, Vawter, 2000). 



  

Page | 173 

 

Based on the goodness of linearity for eight from ten calibration curves of sugars as 

described in Table 5-3, only two sugar derivatives were excluded from the 

quantification; galacturonic acid (R2= 0.6797) and NAG (R2=0.768). 

 

 

5.5  Conclusion   

The present study confirms that the reductive amination method provides a sensitive 

and specific mechanism for probing sugar metabolism as part of a metabolomics work 

flow for uncovering biomarkers in clinical and biological samples. The deuterated tag 

as well as offering the best chromatographic separation was also useful in the 

characterisation of sugars and succeeded in providing a quantitative estimate to 

quantify the changes of sugar levels in post-mortem brain samples. This method is able 

to achieve separation of the three common hexoses which is rare in the literature and 

has very good potential for monitoring sugar metabolism since the masses of the 

tagged sugars are very characteristic. Due to the importance of sugar metabolism, the 

present results have highlighted the relationship between the rises in the levels of 

sugars and their derivatives and psychiatric disorders including schizophrenia, 

depression and bipolar. This relation which matched with other studies once again 

supported our previous results. For future work, altered metabolism of sugar polyols 

in post-mortem mental illness brain can be examined in non-post mortem samples to 

explore whether anti-diabetic treatments may have a role in the management of SDB. 
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Chapter 6                                      

Development of an LC-MS Method for the 

enhanced Detection of Oxidised fatty 

acids  in plasma and its application to 

determine the effects of the ingestion of 

the anti -oxidant beetroot juice  
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Abstract  

Fatty acids and other metabolites containing a carboxyl group are of high interest in 

biomedicine because of their major role in metabolic pathways. Tagging of carboxylic 

acid compounds with a permanent positive charge such as with a quaternary 

ammonium compound will increase the LC-MS detection sensitivity and selectivity. 

This study pursued a new strategy for analysing carboxyl-containing compounds in 

biological samples by LC-MS by coupling them to choline. Carboxylic acids were 

coupled to choline using 2-fluoro-methylïpyridinium p- toluene sulfonate (FMP) 

coupling reagent. The analysis of the derivatised oxidised fatty acids was performed 

by using ACE-HPLC (C18) column coupled with an Orbitrap Exactive mass 

spectrometer. Twenty-eight plasma samples which were collected from seven 

participants before and after taking of beetroot juice, which is a potential antioxidant, 

were examined by the developed method to quantify the oxidised fatty acids. The 

results showed that choline coupling reactions were successful in determining oxidised 

fatty acid metabolites in biological samples. In conclusion, a new and easy method 

was developed to enhance detection of carboxylic acid derivatives in plasma samples 

following consumption of beetroot juice. The method proved to be precise and 

reproducible and can quantify oxidised fatty acids compounds up to below ng/ml 

levels.  
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6.1  Introduction  

Carboxylic acids are one of the most common organic compounds that present in living 

organisms, human, animals and plant. Fatty acids (FAs) mainly refer to the metabolites 

that possess single or multiple carboxyl groups (-COOH) and serve important 

functions in many biochemical processes inside the body and cells. In biomedicine, 

fatty acids and other carboxylic metabolites are of high interest because of their major 

role in metabolic pathways. Monitoring of carboxylic compounds, particularly fatty 

acids, has been contributed in understanding the aetiology of many diseases and 

prevention of chronic disease such as atherosclerosis, obesity induced insulin 

resistance and for promoting cardiovascular health (Joffe et al., 2013, Soardo et al., 

2011, Morgan et al., 2016). Although many lipids are produced in the body by simple 

precursors, some essential fatty acids (EFAs) cannot be synthesised and should 

therefore be consumed with the diet. Oxylipins or oxidised fatty acids are a group of 

metabolites derived from polyunsaturated fatty acids (PUFA), and include arachidonic 

acid (ArA) and linoleic acid (LA). They can be formed by the reactions depending on 

mono- or dioxygen and occur as as hydroxy, dihydroxy, epoxy and oxo species. One 

of the challenges of nutrition studies is the determination of subtle shifts in the fatty 

acids or bioactive lipids, especially the oxylipins, because they are unstable and/or 

rapidly inactivated by metabolic degradation and have a low concentrations and 

similar structures, resulting in isomers (Yang et al., 2009). 

Due to the important role of fatty acids in human metabolic changes, investigation of 

their physiological and clinical implications in human health is necessary in 

pathological and healthy conditions. Many instrumental techniques included GC 

(Eder, 1995) and HPLC (Chen and Chuang, 2002) have been applied in the analysis 
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of carboxylic acid and related compounds. The most common separation techniques, 

GC and LC, have been improved based by combination with tandem mass 

spectrometry (MS). In the field of bioinformatics, LC-MS and GC-MS approaches 

have been developed to be a simple and fast analytical methods for low molecular 

weight carboxylic acids and have provided rapid progress for omics research (Gamoh 

et al., 2003, Hernández-Pérez et al., 2002). 

However, these methods lack sensitivity and selectivity in analysis of fatty acids. 

Sample derivatisation is widely used in analytical chemistry and instrumental analysis 

to improve analytical capabilities. The chemical structure of the sample can be 

modified to new chemical form that provides an enhanced response in terms of either 

improved selectivity or sensitivity. This modification is required because the response 

factors for the positively tagged fatty acids were more 100 times than those for the 

untagged compounds in negative ion (Ko and Brodbelt, 2012). 

 

6.1.1  Derivatisation in Mass  Spectrometric Analysis  

The separation and quantification of important compounds, such as carboxylic acids, 

which are present in small amounts in biological samples is a major problem in 

different metabolomics studies. Due to their important functions in many biochemical 

processes inside the body and cells, carboxyl-containing metabolites, mainly fatty 

acids and their oxidation products, are the most common organic compounds in living 

organisms. Therefore, enhancing of accurate and sensitive liquid chromatography 

methods is necessary in determination of very small quantities of these compounds in 

biological specimens. For enhancing of the sensitivity of chromatography 
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performance, chemical derivatisation has been found to be a powerful technique in 

making these metabolites more ionisable in the LC-MS approach. 

Derivatisation reactions used in MS are designed to enhance ionisation or introduce a 

specific mass shift to the sample ions that becomes evident in the mass spectrum. Many 

MS derivatisation reports are present in the literature (Zaikin and Halket, 2006, Qi et 

al., 2014, Halket et al., 2005). Traditional derivatisation by silylation or methylation 

in GC-MS methods was employed in the analysis of fatty acids (Brooks et al., 1978). 

Recently, with the invention of soft ionisation techniques such as electrospray 

ionisation HPLC/ESI-MS, derivatisation has become a powerful technique in the 

analysis of such compounds. The negative ionisation of carboxylic acid in LC-MS is 

only achieved in basic mobile phase. However, chromatographic resolution with 

reversed-phase columns is best achieved at acidic pH mobile phases where the 

ionisation of carboxyl group is suppressed. The alternative way is to tag carboxylic 

acid with a permanent positive charge such using a quaternary ammonium compound. 

This will cause targeted carboxylic acid compounds to have a positive charge in both 

acidic and alkaline mobile phases. This strategy has been very successfully applied in 

the HPLC/ESI-MS analysis of amino acids and peptides (Ko and Brodbelt, 2012, Frey 

et al., 2008). 

The technique of chemical derivatisation for LC-MS seen a continuous growth and 

progress in the technique for the analysis of a variety of compounds that were difficult 

to analyse without chemical derivatisation. The aim of derivatisation is to introduce a 

moiety into the structure resulting in the modification of the structure of the target 

compound changing their physical and chemical properties so that they are more 

ionisable in the LC-MS system. Derivatisation is a specific type of chemical reaction 
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which for its completion needs a functional group present on the target compound and 

a reactive group in the derivatisation reagent. In addition to the reagent should be 

effective and selective, the derivatisation reaction should not be very long and the 

resultant product should be stable. 

Choline is chemically known as 2-hydroxyethyl-azanium (2-hydroxyethyl-

trimethylamin) and it is a quaternary ammonium salt containing the N,N,N-

trimethylethanolammonium cation. It was recently found that a choline chloride-based 

catalyst was employed as green approach for the amidation of methyl esters of fatty 

acids under solvent free system (Patil and Pratap, 2016).  

Due to the roles of lipids such as oxylipins that are formed by oxidation is still poorly 

understood, a lot of research deals with the development of suitable methods for 

profiling oxylipins in order to better understand their influence on the regulation of 

various biological processes. It would be useful to develop LC-MS method for the 

enhanced detection of these compounds in plasma and its application to determine the 

effects of the ingestion of the anti-oxidant beetroot juice. Thus, the quaternary 

ammonium part of the coupled choline is the alternative way to negative ion ESI mass 

spectrometry to tag carboxylic acid and makes the derivatised compound permanently 

ionised in both acid and basic mobile phases. 

 

6.1.2  Aim of the Study  

The overall aim of this work was to develop strategy for analysing carboxyl-containing 

compounds, particularly oxidised fatty acids, in biological samples by soft ionisation 

(ESI) LC-MS after being coupled to choline. The advantage of this strategy is the 
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efficacy of chemical derivatisation applied utili sing choline to quantify the oxylipin 

metabolites related to nutrition in human plasma samples. 

 

6.2  Materials and Methods  

6.2.1  Chemical and Materials  

HPLC grade ACN, tetrahydrofuran (THF) and formic acid were purchased form Sigma 

Aldrich, Dorset UK. Also, the reagents including 2-fluoro-1-methylïpyridinium p-

toluene sulfonate (FMP), triethyl amine (TEA), and choline chloride were obtained 

from Sigma Aldrich, Dorset UK. The native standard mixtures of oxidised fatty acids 

included the linoleic acid oxylipins mixture (LAO) and arachidonic acid oxylipins 

(ArAO) mixture. The native standard mixture of LOA contains oxylipin metabolites 

derived from linoleic acid including (±)12(13)-DiHOME, (±)9(10)-DiHOME, 9(s)-

HODE, 13(s)-HODE, 13-OxoODE, 9-OxoODE, (±)12(13)-EpOME, and (±)9(10)-

EpOME. The native standard mixture of ArAO contains oxylipin metabolites derived 

from arachidonic acid including 5-OxoETE, 12-OxoETE, 15-OxoETE, 15(S)-HETE, 

12(S)-HETE, 11(S)-HETE, 9(R)-HETE, 8(S)-HETE, and 5(S)-HETE.  Internal 

standards mixture included deuterated linoleic acid oxylipins (DLAO), contains 

deuterated (2H) versions of oxylipin metabolites derived from linoleic acid included 

(±)12(13)-DiHOME-d4, 13(s)-HODE-d4, 13-OxoODE-d4, and (±)12(13)-EpOME-

d4. LAO, ArAO and DLAO compounds were purchased from Cayman Chemical 

Company. Their product information are described on company website 

[https://www.caymanchem.com] in products Item ˉ 20794, Item ˉ 20666 and Item 

ˉ 20795, respectively. HPLC grade water was produced by Direct-Q 3 Ultrapure 

Water System from Millipore, UK 
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6.2.2  Plasma Samples Collection:  

Human plasma samples were collected from seven males healthy individuals (age 28 

± 4 years, stature: 181 ± 8 cm, body mass: 83.4 ± 10.4 kg) at four different time points 

(baseline, 60min, 120min and 360min) in the same day after beetroot ingestion as 

shown in Figure 6-1. After it was separated from collected blood and centrifuged at 

5000rpm for 10min, plasma samples were stored at -25oC to be used in preparation of 

plasma solution which will be transferred later to oxidised acids derivatives procedure. 

The written informed consent and a medical questionnaire to all participate was 

approved by the ethics committee of at the School of Science and Sport, University of 

the West of Scotland. Before the study began, participants were excluded if they were 

currently taking dietary supplements or any medication, regularly used mouthwash, 

smokers, had a current illness or virus within the previous month, had a known disorder 

or history of disorders of the hematopoietic system, and were hypertensive (Ó140/90 

mmHg) or had a family history of premature cardiovascular disease. 

 

 
Figure 6-1:  Scheme for the time-points of plasma collection. 
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6.2.3  Preparation of Plasma Solutions and Reagents  

Plasma solutions were prepared by transferring 100µl of the separated plasma sample 

to an Eppendorf tube and adding 1ml of ACN to perform a protein precipitation (PPT) 

process. Then the sample was vortexed for two minutes and centrifuged at 9000 rpm 

for 10min. After centrifuging, the supernatant of plasma solution was taken for 

coupling reactions (Chambers et al., 2007). 

Also, the stock solutions were prepared for all the reagents of coupling reaction which 

included choline chloride and FMP. Choline chloride solution was prepared in ACN 

at original concentration of 1mg/ml. Stock solution of FMP coupling reagent were 

prepared at concentration of 1mg/ml with ACN as solvent. 

 

6.2.4  Native and Internal Standards  

Fatty acid standards included myristic acid, 1-tetradecanoic acid, and palmitic acid, 

hexadecanoic acid, were used in this study. The standard stock solutions were prepared 

at concentration of 10µg/ml in THF and stored at room temperature. 

To increase the number of oxidised fatty acids measured simultaneously in a single 

analytical run, seventeen oxylipins in two different mixtures of the oxidised 

compounds, LAO and ArAO, were used as native standard (Table 6-S1). Also, internal 

standard mixture (DLAO) consisted of deuterated (2H) versions of four oxylipins 

metabolites derived from linoleic acid was added for distinguish among the isomers. 

LAO, ArAO and DLAO mixtures have been designed by Cayman Chemical Company 

at concentration of 10µg/ml in ethanol to be used directly as native standards and 

internal standards. All standard mixtures were kept in glass screw cap vials and stored 

at ī80ÁC to prevent solvent evaporation. 
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6.2.5  Standard Curve Preparation  

A calibration curve was made by diluting the stock solutions of oxidised fatty acids 

standards (10µg/ml) to prepare seven different batches (0.0, 2.5, 5.0, 10.0, 20.0, 40.0, 

80.0, and 160.0 ng/100µl) as the native standard mixture of LAO and ArAO. For the 

purpose of quantification, 50ng/100ɛl of HODE-d4 was added to each batch as internal 

standard instead of DLAO mixture to avoid intervention between derivatised mass for 

other compounds.  

These calibration solutions treated by using the choline coupling derivatisation 

reaction as described in section 7.2.6 in order to quantify the oxylipin metabolites of 

oxidised fatty acids. 

 

6.2.6  Fatty Acids and its Oxidised Derivatisation  

Choline esterification to the fatty acids was performed using the FMP coupling agent 

(Yang et al., 2007). The reaction outline of the coupling of choline to acids and its 

oxidised by using FMP coupling reagent is illustrated in Figure 6-2. Oxidised acids 

standards mixture (100µL) and plasma solutions, as prepared in section 7.2.3, were 

derivatised with 100µL of choline chloride solution (1mg/ml in ACN) and100µL of 

the stock coupling agent FMP (1mg/ml in ACN). Then 6µL of TEA is added to this 

mixture with shaking for 2min and heated by using the vortex water bath at 50OC for 

30min. The combined mixture was then blown to dryness in a stream of nitrogen gas 

and re-dissolved in 1ml ACN prior to injection into the LC-MS. 
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Figure 6-2: Choline coupling of carboxylic acids scheme. 

 

6.2.7  LC-MS Analysis  

Measurements of samples and standards was carried out on the Surveyor HPLC system 

combined with LTQ Orbitrap mass spectrometer (Thermo Fisher Scientific, Hemel 

Hempstead, UK). An aliquot of each sample solution (10ɛl) was injected onto an ACE 

3 C18 column (150 x 3.0mm, 5µm Hichrom, Reading, UK) and the flow rate was 

300µl/min. Mobile phase A consisted of 0.1% (v/v) formic acid in water and mobile 

phase B consisted of 0.1% (v/v) formic acid in ACN. The gradient used was as follows: 

0 min 10% B, 10 min 90% B, 15 min 90% B, 16 min 10% B, 21min 10% B, the last 

5min were for column re-equilibration before the next injection. The ESI interface was 

operated in positive ion mode with spray voltage of 4.5kv. The temperature in ion 

transfer capillary was 275 and the flow rate of the sheath and auxiliary gases were 50 

and 17 arbitrary units. Some of the samples were also run on the LTQ Orbitrap   to 

produce MS/MS spectra using a collision energy of 35 V. The full scan range was 75 

to 1200m/z. The acquired data was processed by using XcaliburÊ. 
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6.3  Results  

6.3.1  Underivatised Oxidised Fatty Acids  

A group of oxidised metabolites that are derived from various FAs, oxidised fatty 

acids, perform a variety of different functions in the human body. As a part of the 

lipidome, oxylipins as oxidised FAs were extracted and quantified in human plasma 

samples in previous studies (Gouveia-Figueira et al., 2015, Yang et al., 2009, 

Strassburg et al., 2012). These studies have used UPLC-ESI-MS/MS techniques with 

only negative ion detection to examine the metabolites of regulatory lipids related to 

nutrition. 

Under non-derivatisation conditions, the oxylipin metabolites derived from LAO and 

ArAO which are detailed in Table 6-S1 were examined. Table 6-S1 shows the name, 

molar mass and chemical formula and structure for these underivatised oxylipins. 

Figure 6-3 illustrates extracted ion chromatograms obtained for the standard mixture 

of linoleic acid oxylipins by run without derivatisation on a C18 column. In the same 

way, the ion chromatograms of arachidonic acid oxylipins were extracted and are 

shown in Figure 6-4. In this method reversed phase liquid chromatography (RPLC) 

was used with ESI-MS with positive ion detection.  
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Figure 6-3: Extracted ion chromatograms for the standard mixture of LAO in positive ion 

mode by non-derivatisation LC-MS method on a ACE 3 C18 column (150 x 3.0mm, 5µm) with 

a gradient mobile phase between 0.1% (v/v) formic acid in water and 0.1% v/v formic acid in 

acetonitrile. 

 

 

Figure 6-4: Extracted ion chromatograms for the standard mixture of ArAO in positive ion 

mode by non-derivatisation LC-MS method on a ACE 3 C18 column (150 x 3.0mm, 5µm) with 

a gradient mobile phase between 0.1% (v/v) formic acid in water and 0.1% v/v formic acid in 

acetonitrile. 
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6.3.2  Fatty Acids Derivatisation  

 The derivatisation approach was developed in order to enhance the detection of the 

oxidised fatty acids. In order to develop the method, hexadecanoic acid and 

tetradecanoic acid were coupled with choline by using the FMP coupling reagents 

procedure. The results showed that both saturated long-chain fatty acids (SLCFA) 

were successfully coupled with choline and were detected based on the exact mass of 

the coupling and the reaction outline as shown in Figure 6-5. It was found that the 

method worked best when a large excess of choline (100µg) was used. The results of 

carboxylic acid derivatisation method showed that the peak area and shape of FAs 

were better when the coupling was performed using the FMP. Extracted ion 

chromatograms and the mass spectral analysis for derivatives of FAs are illustrated in 

Figure 6-6 for palmitic acid, and Figure 6-7 for myristic acid.  

 

Figure 6-5: The coupling reaction outline and the exact mass of the coupled fatty acids, 

palmitic acid and myrestic acid after derivatisation method. 
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Figure 6-6: Extracted ion chromatograms and the mass spectral analysis for derivatives of 

palmitic acid by coupling with choline using FMP regent on a C18 column with mobile phase 

(A) 0.1% (v/v) formic acid in water and mobile phase (B) 0.1% (v/v) formic acid in ACN. 

 

 

 

Figure 6-7: Extracted ion chromatograms and the mass spectral analysis for derivatives of 

myristic acid by coupling with choline using FMP regent on a C18 column with mobile phase 

(A) 0.1% (v/v) formic acid in water and mobile phase (B) 0.1% (v/v) formic acid in ACN. 
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Serial dilution of palmitic acid in the range 0.01-1µg/ml was tested in order to gain 

some impression of the LOQ, the area of the peak was plotted against its concentration 

and the calibration curve was constructed. The calibration curve showed linearity with 

R2 = 0.995 and the regression equation was Y= 58517 X + 7887.60 as show in Figure 

6-8. 

Thus all further couplings of this research project, choline coupling of carboxylic acid 

derivatives, were performed using FMP coupling agent to identify and quantify 

oxidised fatty acids, oxylipin metabolites derived from linoleic acid and arachidonic 

acid, in human plasma. 

 

 

Figure 6-8: Calibration curve of palmitic acid in the range of 0.01-1µg/ml 
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6.3.3  Oxidised Fatty Acids Derivatisation  

The standard mixtures of LAO and ArAO were used to examine the ability of this 

method for the identification and quantification of oxylipin metabolites in biological 

samples. The standard mixture of LAO which contains sets of isomers, including 1. 9-

OxoODE and 13-OxoODE 2. (±)9(10)-DiHOME and (±)12(13)-DiHOME 3. 9(S)-

HODE, 13(S)-HODE, (±)9(10)-EpOME and (±)12(13)ȤEpOME. Generally, there are 

four linoleic acid derivatives (OxoODE, DiHOME, HODE and EpOME) that have 

three different chemical formulas and molar masses as listed in Table 6-S1 for which 

there were no standards. A deuterated linoleic acid oxylipins (DLAO) mixture was 

utilised to discriminate between isomers in the LAO mixture through comparison of 

the retention times of the labelled and unlabelled LAOs. The discrimination between 

of the oxylipin isomers in the LAO mixture is shown in Figure 6-9 (A, B and C). Using 

this information in combination with the differentiation among these isomers, under 

underivatised conditions according to  product information provided by company 

Figure 6-S1 (Caymanchem, Item ˉ 20794) as well as studies reporting that elution of 

HODE is faster than EpOME (Gouveia-Figueira et al., 2015, Strassburg et al., 2012) 

it was possible to be fairly confident of the assignment. Thus, perhaps not surprisingly 

the order of elution for the derivatised compounds under RP conditions appeared to be 

the same as for the underivatised compounds. In the same way, the differentiation 

among ArAO isomers was based on the product information of ArAO mixture 

provided by company Figure 6-S2 (Caymanchem, Item ˉ 20666) for the elution order 

of the underivatised compounds under RP conditions. 

Separation of all the standard mixture components of LAO and ArAO is shown in 

Figure 6-10 and Figure 6-11, respectively.  
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Figure 6-9: The discrimination between LAO isomers: (A) 9-OxoODE and 13-OxoODE, (B) (±)9(10)-

DiHOME and (±)12(13)-DiHOME; and  (C)  9(S)-HODE, 13(S)-HODE, (±)9(10)-EpOME  and 

(±)12(13)-EpOME. 

 

The comprehensive details of the oxylipin metabolites of LAO and ArAO as well as 

internal standard mixture components analysed by derivatisation procedure in this 

work are summarised in Table 6-1. The overview of extracted ion chromatography in 



  

Page | 192 

 

Figures 6-10 and 6-11 indicates that oxidised fatty acids derivatisation method with 

choline coupling is a suitable method to achieve a good chromatographic separation 

and has the ability to identify and quantify oxylipins in biological samples. 

Table 6-1: The chemical formula, molar mass and retention time for the oxylipin metabolites 

after carrying out derivatisation procedure. 

Oxylipins name Abbreviation 
Derivatised 
Chemical 
Formula 

Derivatised 
Molar 
Mass 

Retention 
Time (RT) 

(±)12,13-dihydroxy-9Z-octadecenoic acid (±)12(13)-DiHOME C23H46O4N 400.34 9.84 

(±)9,10-dihydroxy-12Z-octadecenoic acid (±)9(10)-DiHOME C23H46O4N 400.34 10.09 

9S-hydroxy-10E,12Z-octadecadienoic acid 9(s)-HODE C23H44O3N 382.33 11.08 

13S-hydroxy-9Z,11E-octadecadienoic acid 13(s)-HODE C23H44O3N 382.33 11.22 

13-oxo-9Z,11E-octadecadienoic acid 13-OxoODE C23H42O3N 380.32 11.37 

9-oxo-10E,12Z-octadecadienoic acid 9-OxoODE C23H42O3N 380.32 11.65 

(±)12(13)epoxy-9Z-octadecenoic acid (±)12(13)-EpOME C23H44O3N 382.33 11.92 

(±)9,10-epoxy-12Z-octadecenoic acid (±)9(10)-EpOME C23H44O3N 382.33 12.05 

5-oxo-6E,8Z,11Z,14Z-eicosatetraenoic acid 5-OxoETE C25H42O3N 404.33 12.62 

12-oxo-5Z,8Z,10E,14Z-eicosatetraenoic acid 12-OxoETE C25H42O3N 404.33 12.42 

15-oxo-5Z,8Z,11Z,13E-eicosatetraenoic acid 15-OxoETE C25H42O3N 404.33 11.60 

15S-hydroxy-5Z,8Z,11Z,13E-eicosatetraenoic 
acid 15(S)-HETE C25H44O3N 406.33 11.28 

12S-hydroxy-5Z,8Z,10E,14Z-eicosatetraenoic 
acid 12(S)-HETE C25H44O3N 406.33 11.58 

11S-hydroxy-5Z,8Z,12E,14Z-eicosatetraenoic 
acid 11(S)-HETE C25H44O3N 406.33 11.55 

9R-hydroxy-5Z,7E,11Z,14Z-eicosatetraenoic 
acid 9(R)-HETE C25H44O3N 406.33 11.73 

8S-hydroxy-5Z,9E,11Z,14Z-eicosatetraenoic 
acid 8(S)-HETE C25H44O3N 406.33 11.55 

5S-hydroxy-6E,8Z,11Z,14Z-eicosatetraenoic 
acid 5(S)-HETE C25H44O3N 406.33 11.85 
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Figure 6-10: The chromatographic separation among the standard mixture components of 

LAO under derivatisation conditions. 

 

 

 

Figure 6-11: The chromatographic separation among the standard mixture components of 

ArAO under derivatisation conditions. 
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6.3.4  Oxylipin Quantification and Profiling of Plasma Samples from 

Healthy Human  

Human plasma samples were extracted and analysed by HPLCȤESI-MS according to 

the current derivatisation method. Figure 6-12 shows an extracted ion for the oxylipins 

obtained from the human plasma samples following consumption of beetroot juice. An 

eight point (0.0, 2.5, 5.0, 10.0, 20.0, 40.0, 80.0 and 160.0 ng) calibration curve was 

prepared for a mix of native LAO and ArAO standards in ACN. The internal standard 

(13(S)-HODE-d4) was added in the native standard and sample mixtures at a fixed 

concentration of 50.0 ng. Table 6-2 summarises the calibration data for the fourteen 

oxylipin derivatives obtained by plotting the ratio of the peak area for each the oxylipin 

against the 13(S)-HODE-d4 as an internal standard. Calibration data were obtained 

from the standard curves as shown in Figures 6-13 ╖ 6-26 and are used to evaluate 

linearity, the slop and R2, for all the oxylipins in the range (2.5-160.0 ng). The LC-MS 

method was applied to measure the amount of oxylipin in different biological samples. 

The plasma oxylipin levels before and after ingestion of beetroot juice were quantified 

based on the calibration (standard) curves. Table 6-3 shows the concentrations of 

oxylipins detected in plasma of healthy subjects at two time-points are baseline (0 min) 

and after 120min of ingestion of beetroot juice. The comparison between the 

concentrations of oxylipins at these time-points indicates that there were only weakly 

significant changes being observed for 9 and 12 EpOME which were slightly elevated 

post ingestion of beetroot juice. This method was able to achieve the requirements and 

provided good sensitivity to evaluate oxylipin profiles and quantify their levels at low 

concentrations down ng/ml. 
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Figure 6-12: LAO isomers extracted from plasma samples: (A) 9-OxoODE and 13-OxoODE, 

(B) 9(S)-HODE, 13(S)-HODE, (±)9(10)-EpOME  and (±)12(13)-EpOME; and  (C) (±)9(10)-

DiHOME and (±)12(13)-DiHOME 
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Figure 6- 13: the calibration curves of 13-oxo-9Z,11E-octadecadienoic acid in the range 

(2.5-160.0 ng). 

 

 

 

Figure 6- 14: The calibration curves of 9-oxo-10E,12Z-octadecadienoic acid in the range 

(2.5-160.0 ng). 
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Figure 6- 15: the calibration curves of 9S-hydroxy-10E,12Z-octadecadienoic acid in the 

range (2.5-160.0 ng). 

 

 

Figure 6- 16: the calibration curves of 13S-hydroxy-9Z, 11E-octadecadienoic acid in the 

range (2.5-160.0 ng). 
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Figure 6- 17: the calibration curves of (±) 9, 10-epoxy-12Z-octadecenoic acid in the range 

(2.5-160.0 ng). 

 

 

Figure 6- 18: the calibration curves of (±) 12, (13) epoxy-9Z-octadecenoic acid in the range 

(2.5-160.0 ng). 
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Figure 6- 19: the calibration curves of (±) 9, 10-dihydroxy-12Z-octadecenoic acid in the 

range (2.5-160.0 ng). 

 

 

Figure 6- 20: the calibration curves of (±) 12, 13-dihydroxy-9Z-octadecenoic acid in the 

range (2.5-160.0 ng). 
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Figure 6- 21: the calibration curves of 5-oxo-6E, 8Z, 11Z, 14Z-eicosatetraenoic acid in the 

range (2.5-160.0 ng). 

 

 

Figure 6- 22: the calibration curves of 12-oxo-5Z, 8Z, 10E, 14Z-eicosatetraenoic acid in the 

range (2.5-160.0 ng). 
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Figure 6- 23: the calibration curves of 15-oxo-5Z, 8Z, 11Z, 13E-eicosatetraenoic acid in the 

range (2.5-160.0 ng). 

 

 

Figure 6- 24: the calibration curves of 5S-hydroxy-6E, 8Z, 11Z, 14Z-eicosatetraenoic acid 

in the range (2.5-160.0 ng). 
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Figure 6- 25: the calibration curves of 12S-hydroxy-5Z, 8Z, 10E, 14Z-eicosatetraenoic acid 

in the range (2.5-160.0 ng). 

 

 

Figure 6- 26: the calibration curves of 15S-hydroxy-5Z, 8Z, 11Z, 13E-eicosatetraenoic acid 

in the range (2.5-160.0 ng). 
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Table 6-2: Calibration data based on ratio of response of derivatised oxylpins to response 

for derivatised internal standard (13(S)-HODE-d4) over the range 2.5-160.0 ng 

LAO Mixture Equation of the line (R2) 

13-OxoODE Y=38.854X-0.0476 0.9914 

9-OxoODE Y=39.704X-0.0835 0.9897 

13 (S)-HODE Y=36.071X-0.0438 0.9976 

9 (S)-HODE Y=29.095X-0.034 0.9765 

(±)12 (13)-EpOME Y=8.0626X+0.0067 0.9968 

(±)9 (10)-EpOME Y=28.439X-0.0516 0.9968 

(±)12 (13)-DiHOME Y=46.171X-0.0791 0.9905 

(±)9 (10)-DiHOME Y=39.171X-0.0379 0.9968 

ArAO Mixture   

15-OxoETE Y=45.969X-0.0944 0.9933 

12-OxoETE Y=8.758X-0.0012 0.9977 

5-OxoETE Y=18.278X-0.0287 0.9919 

15(S)-HETE Y=38.196X-0.1017 0.9774 

12(S)-HETE Y=115.24X-0.2817 0.9755 

5(S)-HETE Y=63.047X-0.1969 0.9755 

 

 

Table 6-3: Concentrations (ng/100ul) for oxylipin metabolites derived from LAO and ArAO 

in plasma samples at pre- and post-ingested beetroot. 

 
Linoleic  Acid Oxylipins (ng/100ul ) Arachidonic  Acid Oxylipins (ng/100ul) 

Sample 
13-Oxo 

ODE 

9-Oxo 

ODE 

13(S)- 

HODE 

9(S)- 

HODE 

9(10)- 

EpOME 

12(13)- 

EpOME 

12(13)- 

DiHOM

E 

15-Oxo 

ETE 

12-Oxo 

ETE 

15(S)-

HETE 

12(S)-

HETE 

5(S)-

HETE 

CE-S1 36.8 38.6 43.6 79.8 97.2 270.6 11.4 26.6 24.9 40 41.2 46.3 

CM-S1 29.7 28.8 66.9 105.5 84.9 227.2 10.6 23.1 33.1 59 48.2 60.4 

DR-S1 17 24.4 50 74.3 44.5 84.5 10.3 22.6 38 47.6 36.3 40.6 

GS-S1 21.8 27.5 34.2 56.1 66.6 162.4 10.7 20.9 10.9 40.4 31 37.8 

LM-S1 23.5 25.4 50 86.6 70.8 177.4 10.4 24.2 9 62.4 44.5 51.6 

CE-S4 26.8 25.5 56.5 131.9 65.5 158.8 9.7 23.3 82.2 63.8 47 59.8 

CM-S4 25.2 22.7 55 80.8 53.4 116 9.7 22.4 19.4 60.4 39.7 57.9 

DR-S4 21.5 25.7 41.7 71.3 39.5 67.1 9.7 22.8 11.2 44.6 35.8 48.5 

GS-S4 24.6 25.9 45.2 71.7 48.3 97.9 9.7 22.4 24.5 53.5 42.1 49 

LM-S4 24.3 28.4 49.9 90.9 55.3 122.6 9.7 22.8 38.3 53.3 45.6 58.4 

P Val. 0.734 0.275 0.909 0.541 0.086 0.087 0.007 0.481 0.424 0.388 0.636 0.165 

Ratio 1.052 1.129 0.986 0.901 1.389 1.640 1.101 1.033 0.660 0.905 0.957 0.865 
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6.4  Discussion  

It is noted in metabolomics research that the LC-MS-based profiling of FAs has three 

major challenges in achieving quantification and identification of oxylipins. Firstly, 

the structures of most oxidised fatty acids, especially isomers, are similar. Secondly, 

oxylipins are present at low endogenous concentrations. In the studies carried out by 

LCȤMS analysis for bioactive lipids without prior derivatisation, samples undergo a 

process of extraction by solid phase extraction (SPE) and are analysed with negative 

ion detection (Gouveia-Figueira et al., 2015, Yang et al., 2009, Strassburg et al., 2012). 

This method is effective for targeted analysis of lipids by using MS/MS but for 

untargeted analysis improved sensitivity afforded by using positive ion mode.  

Several derivatisation-based studies report methods for tagging carboxylic acids with 

a permanent positive charge such as a quaternary ammonium ion or alternatively an 

electron-capturing pentafluorobenzyl moiety (Johnson, 2000, Yang et al., 2007, Li and 

Franke, 2011, Johnson et al., 2003, Lee et al., 2003, Pettinella et al., 2007) for 

improved detection by negative ion chemical ionisation.  

The limited application of the derivatisation method developed by Johnson et al. and 

modified by Xingnan and Adrian for the detection of FAs may be because of the use 

of harmful reagents and multiple derivatisation steps (Li and Franke, 2011, Johnson et 

al., 2003). The long analysis run is a major challenge in Yangôs method (Yang et al., 

2007).  Additionally, there are other problems such as incomplete separation for 

oxidised fatty acids and dicarboxylic acids and the failure in tagging of saturated FAs 

that may limit the application of some methods of carboxylic acid derivatisation 

(Johnson, 2000, Lee et al., 2003, Pettinella et al., 2007).  
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After the investigation of strengths and weakness points in previous studies, many 

requirements must be available in developed derivatisation methods for them to 

provide an optimal method to identify and quantify the carboxylic acids and its 

derivatives. The first requirement is that the derivatisation reaction must be simple and 

carry out in short time with a few steps. Secondly, it is preferred that these methods do 

not use harmful and expensive reagents. Thirdly, the products of the derivatisation 

reaction should be stable compounds and contain readily protonated group, such as an 

amine group, which can be easily ionised to provide an increase in sensitivity for 

detection by positive ion ESI. Finally, the accurate and sensitive derivatisation 

approach should provide good chromatographic separation and good discrimination 

among the isomers of oxidised fatty acids. 

One of the most common quaternary ammonium salts which can be combined with 

carboxylic acids is choline, trimethylaminoethyl (TMAE).  The choice of choline was 

due to its characteristics such as low toxicity, high stability, non-reactivity with water, 

biodegradability and the wide commercial availability (Crespo et al., 2017, Pontes et 

al., 2017). Chemically, TMAE or choline is more sensitive for the analysis different 

types of carboxylic acids by ESI-MS/MS in comparison with dimethylaminoethyl 

(DMAE). The TMAE derivatives of long chain fatty acids (FA-TMAE), choline ester 

salt, can provide compounds selectivity and stability because of they have a positive 

charge in both acidic and mobile phases (Johnson, 2000). Moreover, choline coupling 

procedure using FMP coupling reagent was  chosen as it consumes less time and has 

uncomplicated handling compared to other procedures which require at least three 

hours for the reaction to complete (Li and Franke, 2011, Johnson et al., 2003). Yang 

et al. derivatised carboxylic acids by the coupling reaction of 2-bromo-1-
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methylpyridinium iodide and 3-carbinol-1-methylpyridinium iodide, forming 3-

acyloxymethyl-1-methylpyridinium iodide (AMMP). This method used a separation 

and detection systems performed on HPLC/ESI-MS with a long analysis run, 40 min, 

and it was not applied for quantification of oxidised fatty acids (Yang et al., 2007). 

This derivatising method is fast and quantitative, without a complicated handling 

procedure. Higashi and his team have investigated the coupling reaction of 2-

picolylamine with carboxylic acid using triphenylphosphine (TPP) and 2, 2-dipyridyl 

disulphide (DPDS) via a one-pot synthesis step. However, it is found that the 

TPP/DPDS catalysed reaction products interfere with late eluting FAs as well as the 

reaction time is longer compared to the total reaction time under current LC conditions 

(Higashi et al., 2010). The ease ionization of analytes and ionization efficiency are the 

main challenges in LC/MS applications in the case of carboxyl-containing compounds. 

Ionization efficiency of fatty acids in the negative ion mode of ionization is impacted 

by the concentration of organic solvent, in the range of 50-95% acetonitrile. 

Dissociation of fatty acids in acetonitrile can be suppressed through increases detection 

sensitivity in the positive ion mode. Thus, derivatization of fatty acids affords the 

opportunity to incorporate features that can substantially enhance their detection and 

quantification by HPLC/ESI-MS (Yang et al., 2007). A simple method was developed 

for this objective by first tagging and sorting fatty acids through derivatization to 

overcome the complexity of plasma samples in quantification of fatty acids. In the 

current case choline esterification to the carboxylic acids and their oxidation products 

resulted in formation of derivatives containing a quaternary ammonium group (OFA-

TMAE) with short and uncomplicated steps (Figure 6-2) and the isomeric species in 

the mixtures could be separated with a short run time. 
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6.5  Conclusion   

A simple, fast and sensitive derivatisation method was developed to detect and 

quantify carboxylic acid derivatives in biological by HPLC/ESI-MS. The new 

derivatisation approach was performed by the coupling of fatty acids to choline using 

2-fluoro-1-methylpyridinium p-toluene sulfonate (FMP) and formed stable 

derivatives. The quaternary ammonium part of the coupled choline made the 

derivitatised compound permanently ionised in both acid and basic mobile phases. The 

choline-derivatisation was successfully applied to determine oxidised carboxylic acid 

metabolites in biological samples. A developed HPLC/ESI-MS method was tested by 

simultaneously quantifying 14 oxylipins in human plasma samples. Separation and 

detection of all oxylipins in plasma samples was achieved and it was able to separate 

isomeric species and quantify oxylipins to the low ng/ml level. The use of tandem MS 

would allow determination at much lower levels. The method was successfully applied 

for the analysis of oxylipins in human plasma samples to determine significant 

differences in baseline levels as well as significant differences in other time points 

(60min, 120min and 360min). In future, the developed method in the current study 

must be validated according to guidelines given by different organizations such as the 

laboratory of the government chemists (LGC) and the food and drug administration 

(FDA).  The validation process should be performed to assure the suitability for its 

intended use and to be widely applied in future studies that require the analysis of 

carboxylic acid metabolites in complex biological samples.  
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Chapter 7   

General Discussion  
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7.1  Discussion  

The successful study and application of metabolomics involves various fields in 

different disciplines, including organic chemistry, analytical chemistry, chemometrics, 

bioinformatics and bioscience (Fukusaki and Kobayashi, 2005).  

Over the past two decades, the efforts have been devoted to using metabolomics 

studies in biomedical area for prediction of the suitability of metabolites as molecular 

biomarkers which can be used in clinical investigation. Due to the fact that the early 

biomarkers of a disease may be different from those in its advanced stages or that many 

biomarkers are indicative of more than one disease, many studies have reported that 

exploring reliable specific biomarkers increases the sensitivity and specificity of 

disease prognosis. Thus, one of the most common aims of metabolomic studies is 

biomarker detection because of correlations between different biomarkers may give 

clues to pathogenic mechanisms (Bartel et al., 2013, Denoroy et al., 2013).  

Metabolomics studies have been found to address most of the challenges associated 

with MS/MS data interpretation, database content, and isomer resolution and 

identification confidence. Metabolome research has had tremendous successes in 

biomedical sciences through providing a better understanding of the mechanisms 

underlying health and disease.  

The current study has added new evidence to support the usefulness of the 

metabolomics approach in biomedical research through using LC-MS techniques for 

metabolomic profiling of biological fluids, human urine and plasma, and brain tissue. 

In this thesis, metabolomics based on LC-MS was used as analytical technique in both 

untargeted metabolic profiling, i.e. measuring many metabolites as possible, and 

targeted metabolic profiling , i.e. targeting of sugars and carboxylic acid compounds. 
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Untargeted metabolomics was performed by using chromatography on a ZICpHILIC 

and C18-AR columns with detection by Orbitrap mass spectrometry to obtain broader 

coverage for polar and non-polar metabolites. These metabolites were profiled in urine 

samples after submaximal exercise at a standardised relative intensity in healthy adults 

(Chapter 3) and post-mortem brain samples from subject with mental illness (Chapter 

4). The choice of these columns as the best method for analysis of metabolites in 

metabolomic screens is supported by previous related study (Zhang et al., 2014).  

Metabolomics can be applied not only to monitor the metabolic changes in many 

pathological conditions and diseases, but can also be used to follow and investigate 

the effects of physiological factors relevant to metabolic phenotype. 

Although things such as diet might be controlled relative in metabolomic comparison 

studies between health and disease, the levels of exercise are not generally controlled 

and could have a big impact on the results. Also, it is important to know which 

metabolites are very sensitive to change as a result of exercise. The first question in 

this study sought to determine the effects of submaximal exercise at standardised 

relative intensity on urinary metabolome for healthy adults. The results of the impact 

of exercise, are those exhibited in the purine metabolism and acyl carnitine, were fully 

discussed in Chapter 3 of this thesis. Maximal oxygen consumption (VO2max) is among 

a number of mechanisms which may cause free radical production during exercise and 

it has been used as a useful tool for predicting cardiovascular and other mortality 

causes (Sousa et al., 2015). Therefore, it was of interest to determine if there was a 

metabolite or metabolites which could be correlated to VO2max. The most interesting 

clinically relevant finding was the observation of a single metabolic marker which is 

apparently correlated to VO2max. A previous study aimed to find markers which could 
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predict VO2max and found that a model based on a combination of 4-ethylphenylsulfate, 

tryptophan, Ὕ-tocopherol, and Ŭ-hydroxyisovalerate was predictive of VO2max in a 

cohort of 77 subjects with R2 = 0.66 (Lustgarten et al., 2013). Although the current 

study is small the single OHA marker in the current case gave R2 = 0.8589 and thus a 

greater degree of correlation to VO2max than the previous study and based on a single 

marker. The current study can only be considered to have made a preliminary 

observation and a follow up trial with an independent cohort of subjects would be 

require to definitely prove this association. The trial could be reduced in terms of 

sample collection since it is the difference between the first void sample and the first 

post-exercise sample which is most predictive of VO2max and with a high ratio of first 

post-exercise to first void sample indicating a high VO2max as indicated by the plot 

shown in Figure 3-14. Although the MW of the marker compound is small, further 

work is required in order to make a definitive identification since several isomers of it 

are known. A notable strength of the current study is that we were able to obtain valid 

determinations of VO2max in all participants which is of vital importance in terms of 

assessing the predictive of any metabolic markers. This is likely due to the fact that 

participants had completed several previous maximal exercise tests prior to 

participation in the present study. This is an important point to consider for future 

larger scale research work in this area. 

In Chapter 4, a full discussion of the metabolomic profiling of post-mortem brain 

samples that revealed changes in amino acid and glucose metabolism in mental illness 

disorders compared with controls was presented. This project was designed according 

to evidences that indicated historically a clinical relationship between diabetes and 

mental illness in addition there were no previous metabolomics studies of post-mortem 
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brain tissue in mental illness (Regenold et al., 2004). The importance of this study 

came across highlighted key elements in SDB metabolism which could reflect the 

metabolic similarity between SDB and diabetes. Thus, this finding is clinically 

important and further supports the idea that anti-diabetic treatments might have a role 

in the management of SDB. 

In Chapter 5 targeted metabolomics was performed in order to tag the sugars which 

otherwise give only weak responses and are difficult distinguish since sugar isomers 

usually overlap in most HPLC methods. Considering negative ion LC-ESI-MS is less 

sensitive than positive ion, the derivatisation methods with a permanent positive 

charge provide response factors of the tagged compounds more 100 times than those 

for the untagged compounds in negative ion. The work in chapter 5 further re-enforced 

the view that sugar metabolism is perturbed in mental illness.  

In Chapter 6 a novel method was developed for tagging fatty acids which gave 

relatively low responses in negative ion mode. Attachment of choline as a tag enabled 

enhancement of detection limits in comparison to the untagged acids by ca x 100. This 

enables the detection of biologically active oxidised fatty acids in human plasma and 

the method was applied to assess the effect of the ingestion of beetroot juice on the 

profile of oxidised fatty acids in human plasma. 

In overview the studies also underlined the reliability of the current results ensuring 

analytical confidence in the used methods. These activities are further divided into 

validation of instrumental and method identification limits. The removal of 

instrumental variation can be corrected by making a pooled sample of all the samples 

in the run or by a QC sample. Although it time consuming, making a pooled sample 
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from all the examined samples is practically better than buying a QC sample, because 

a QC sample contains compounds which are likely to be different than those in se 

examined samples. Therefore, with high precision, pooled samples were prepared from 

all actual samples and were injected at intervals during the analytical run to exclude 

instrumental drift that would impact on the results. 

Along these lines, data modelling validation was employed in this thesis to check the 

accuracy and quality of source data and to determine the importance of the model with 

the goodness of fit . Data modelling validation is important approach to validate the 

applied methods and to obtain the reliable results because, without validation, there 

are always associated risks of over-fitting the data. Such over-fitted data stands out to 

be unreliable if considered for any clinical situations.  

In the present untargeted metabolomic applications, the internal validation tools 

include a variance explained (R2) and predicted values (Q2) which are used to evaluate 

the quality and goodness of models. The R2 represents quantitative measure of the 

goodness of fit and best its value is close to 1. The goodness of model has been inferred 

through increasing the R2 value to be close to the maximal value of one, whilst 

reduction this value to zero indicates a poor model. Despite a high R2 value (close to 

1) the goodness of these models can be evaluated as poor models, models that cannot 

predict, by reason of a large discrepancy of R2 and Q2 values (Westerhuis et al., 2008). 

After internal validation, the accepted modelling was also validated by two external 

methods include CV-ANOVA, where the returned P-value is indicative of the 

statistical significance of difference in the investigated samples, and the permutation 

test. The permutation test gives a reliable assessment for the spurious nature or 
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credibility of the model through the comparison of the goodness of fit then provides 

reference distributions of the R2/Q2-value (Worley and Powers, 2013). The criteria for 

validity are: All blue Q2-values to the left are lower than the original points to the right 

or regression line of the Q2-points intersects the vertical axis (on the left) at, or below 

zero.  Note that the R2-values always show some degree of optimism, when all green 

R2-values to the left are lower than the original point to the right, this is also an 

indication for the validity of the original model, for example Figures 4.9 and 4.11. 

Model validity was also assessed using CV-ANOVA which corresponds to Ho 

hypothesis of equal cross validated predictive residual of the supervised model in 

comparison with the variation around the mean (Eriksson et al., 2008). 
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Appendix-I: Supplementary Data 

Table 2-S1: the details of 440 positive and negative ions for 220 standards prepared in four standard mixtures (Std. mix) used to determine the matched metabolites in 

biological samples 

             

  

ZIC-HILIC ZIC-pHILIC C18 

No. 
Polarit
y 

Std. 
mix Compound Name Formula m/z Pathway map RT peak RT peak RT peak 

1 N 1 Inosine C10H12N4O5 268.080771 Purine Metabolism 11.43 1.28E+07 11.4 7.33E+06 7.52 1.01E+07 

2 P 1 Inosine C10H12N4O5 268.080771 Purine Metabolism 11.46 8.66E+06 11.34 5.51E+06 7.53 3.83E+06 

3 N 1 Xanthosine C10H12N4O6 284.075686 Purine Metabolism 11.52 4.20E+06 13.08 1.89E+06 10.82 3.65E+06 

4 P 1 Xanthosine C10H12N4O6 284.075686 Purine Metabolism 11.55 1.83E+06 13.02 7.17E+05 10.81 5.76E+05 

5 N 1 IMP C10H13N4O8P 348.047103 Purine Metabolism 15.84 4.00E+06 16.28 2.27E+06 6.22 1.22E+07 

6 P 1 IMP C10H13N4O8P 348.047103 Purine Metabolism 15.85 3.86E+05 16.27 2.38E+05 6.21 1.19E+06 

7 N 1 Adenosine C10H13N5O4 267.096755 Purine Metabolism 12.8 4.15E+06 9.44 1.50E+06 - N 

8 P 1 Adenosine C10H13N5O4 267.096755 Purine Metabolism 14.92 1.04E+07 9.47 1.41E+07 7.49 1.42E+07 

9 N 1 Maltose C12H22O11 342.116215 Starch and Sucrose Metabolism 14.89 2.00E+05 16.56 5.39E+05 - N 

10 P 1 Maltose C12H22O11 342.116215 Starch and Sucrose Metabolism 16.44 1.37E+05 - N - N 

11 N 1 Uridine 5'-diphosphoglucose C15H24N2O17P2 566.055027 
Starch and Sucrose Metabolism; Galactose 
Metabolism 

21.39 1.26E+05 17.24 3.31E+06 8.89 3.29E+05 

12 P 1 Uridine 5'-diphosphoglucose C15H24N2O17P2 566.055027 
Starch and Sucrose Metabolism; Galactose 
Metabolism 

- N 17.23 1.63E+03 - N 

13 N 1 Riboflavin C17H20N4O6 376.138286 Riboflavin Metabolism 8.89 3.94E+06 8.99 2.14E+06 15.32 1.19E+07 

14 P 1 Riboflavin C17H20N4O6 376.138286 Riboflavin Metabolism 8.9 7.80E+06 9 8.98E+06 15.31 1.10E+07 

15 N 1 UDP-N-acetyl-D-glucosamine C17H27N3O17P2 607.081576 Amino Sugar Metabolism 19.08 1.24E+05 16.01 3.16E+06 9.12 3.48E+05 

16 P 1 UDP-N-acetyl-D-glucosamine C17H27N3O17P2 607.081576 Amino Sugar Metabolism - N 16 3.10E+04 - N 
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ZIC-HILIC ZIC-pHILIC C18 

No. 
Polarit
y 

Std. 
mix Compound Name Formula MW Pathway map RT peak RT peak RT peak 

17 N 1 CoA 
C21H36N7O16P3
S 767.115215 

Phenylacetate Metabolism; Butyrate 
Metabolism 

- N 14.54 1.18E+06 - N 

18 P 1 CoA 
C21H36N7O16P3
S 767.115215 

Phenylacetate Metabolism; Butyrate 
Metabolism 

- N 14.56 2.31E+05 - N 

19 N 1 FAD C27H33N9O15P2 785.15714 Citric Acid Cycle; Riboflavin Metabolism 30.23 5.52E+04 12.45 1.54E+06 13.64 3.89E+05 

20 P 1 FAD C27H33N9O15P2 785.15714 Citric Acid Cycle; Riboflavin Metabolism - N 12.47 4.23E+05 - N 

21 N 1 Taurine C2H7NO3S 125.014665 
Taurine and Hypotaurine Metabolism; Bile Acid 
Biosynthesis 

16.93 1.73E+07 15.64 4.76E+06 5.48 1.37E+07 

22 P 1 Taurine C2H7NO3S 125.014665 
Taurine and Hypotaurine Metabolism; Bile Acid 
Biosynthesis 

16.94 2.25E+06 15.68 3.06E+05 5.49 8.14E+05 

23 N 1 Malonate C3H4O4 104.01096 Aspartate Metabolism/Fatty acid Biosynthesis 8.24 5.29E+06 16.64 1.61E+07 7.16 3.01E+06 

24 P 1 Malonate C3H4O4 104.01096 Aspartate Metabolism/Fatty acid Biosynthesis - N - N - N 

25 N 1 L-Alanine C3H7NO2 89.047679 Transcription/Translation; Urea Cycle 18.83 5.00E+04 15.34 1.09E+06 - N 

26 P 1 L-Alanine C3H7NO2 89.047679 Transcription/Translation; Urea Cycle 18.93 1.21E+07 15.3 8.33E+06 5.45 2.35E+07 

27 N 1 L-Serine C3H7NO3 105.042594 Ammonia Recycling; Sphingolipid Metabolism 19.9 2.87E+06 16.39 2.96E+05 5.37 1.76E+06 

28 P 1 L-Serine C3H7NO3 105.042594 Ammonia Recycling; Sphingolipid Metabolism 19.93 2.40E+06 16.35 4.00E+05 5.36 1.54E+06 

29 N 1 DL-Glyceraldehyde 3-phosphate C3H7O6P 169.998027 
Fructose and Mannose Degradation; Pentose 
Phosphate Pathway 

17.22 8.25E+05 17.07 7.95E+04 5.41 4.37E+05 

30 P 1 DL-Glyceraldehyde 3-phosphate C3H7O6P 169.998027 
Fructose and Mannose Degradation; Pentose 
Phosphate Pathway 

- N - N - N 

31 N 1 D(+)2-Phosphoglyceric acid C3H7O7P 185.992942 no 19.99 3.24E+05 17.68 2.91E+06 6.13 1.14E+06 

32 P 1 D(+)2-Phosphoglyceric acid C3H7O7P 185.992942 no - N - N - N 

33 N 1 Putrescine C4H12N2 88.100048 
Spermidine and Spermine 
Biosynthesis/Methionine Metabolism 

- N - N - N 

34 P 1 Putrescine C4H12N2 88.100048 
Spermidine and Spermine 
Biosynthesis/Methionine Metabolism 

35.52 5.72E+06 19.97 4.65E+04 4.75 1.39E+07 

35 N 1 Fumarate C4H4O4 116.01096 
Phenylalanine and Tyrosine Metabolism; 
Arginine and Proline Metabolism 

7.44 1.30E+07 17.04 1.68E+07 9.41 1.13E+07 
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ZIC-HILIC ZIC-pHILIC C18 

No. 
Polarit
y 

Std. 
mix Compound Name Formula MW Pathway map RT peak RT peak RT peak 

36 P 1 Fumarate C4H4O4 116.01096 
Phenylalanine and Tyrosine Metabolism; 
Arginine and Proline Metabolism 

- N - N - N 

37 N 1 Cytosine C4H5N3O 111.043262 no 20.89 2.66E+04 11.68 3.43E+05 - N 

38 P 1 Cytosine C4H5N3O 111.043262 no 20.86 1.95E+07 11.53 1.10E+07 5.67 2.08E+07 

39 N 1 Acetoacetate C4H6O3 102.031695 Ketone Body Metabolism; Tyrosine Metabolism 6.2 1.44E+05 7.74 7.82E+05 - N 

40 P 1 Acetoacetate C4H6O3 102.031695 Ketone Body Metabolism; Tyrosine Metabolism - N - N - N 

41 N 1 Methylmalonate C4H6O4 118.02661 
Valine, Leucine and Isoleucine Degradation; 
Propanoate Metabolism 

7.7 1.99E+07 15.81 3.68E+07 10.62 1.72E+07 

42 P 1 Methylmalonate C4H6O4 118.02661 
Valine, Leucine and Isoleucine Degradation; 
Propanoate Metabolism 

- N - N - N 

43 N 1 L-Aspartate C4H7NO4 133.037509 
Transcription/Translation; Arginine and Proline 
Metabolism 

18.83 2.01E+06 15.88 1.44E+05 5.44 8.45E+05 

44 P 1 L-Aspartate C4H7NO4 133.037509 
Transcription/Translation; Arginine and Proline 
Metabolism 

18.82 3.29E+05 15.84 3.34E+04 5.45 1.77E+05 

45 N 1 L-Threonic acid C4H8O5 136.037175 no 13.42 7.10E+06 13.63 3.59E+07 5.77 2.83E+07 

46 P 1 L-Threonic acid C4H8O5 136.037175 no - N - N - N 

47 N 1 creatine C4H9N3O2 131.069477 
Glycine and Serine Metabolism; Arginine and 
Proline Metabolism 

18.24 9.76E+05 15.18 6.21E+05 5.88 1.27E+05 

48 P 1 creatine C4H9N3O2 131.069477 
Glycine and Serine Metabolism; Arginine and 
Proline Metabolism 

18.25 3.50E+06 15.16 3.02E+07 5.87 4.23E+06 

49 N 1 L-Homoserine C4H9NO3 119.058244 Methionine Metabolism 19.24 1.88E+07 15.57 3.09E+06 5.41 9.71E+06 

50 P 1 L-Homoserine C4H9NO3 119.058244 Methionine Metabolism 19.25 2.60E+07 15.61 1.62E+07 5.42 2.33E+07 

51 N 1 L-Glutamine C5H10N2O3 146.069143 Pyrimidine Metabolism; Glutamate Metabolism 19.44 1.42E+07 15.64 1.38E+06 5.41 6.48E+06 

52 P 1 L-Glutamine C5H10N2O3 146.069143 Pyrimidine Metabolism; Glutamate Metabolism 19.43 9.03E+06 15.68 8.52E+06 5.45 7.01E+06 

53 N 1 L-Arabinose C5H10O5 150.052825 no 14.55 3.97E+05 13.82 2.00E+05 - N 

54 P 1 L-Arabinose C5H10O5 150.052825 no - N - N - N 



  

Page | 236 

 

             

  

ZIC-HILIC ZIC-pHILIC C18 

No. 
Polarit
y 

Std. 
mix Compound Name Formula MW Pathway map RT peak RT peak RT peak 

55 N 1 Betaine C5H11NO2 117.078979 
Glycine and Serine Metabolism; Betaine 
Metabolism 

- N - N - N 

56 P 1 Betaine C5H11NO2 117.078979 
Glycine and Serine Metabolism; Betaine 
Metabolism 

16.92 2.99E+07 11.69 1.19E+08 5.76 4.23E+07 

57 N 1 L-Methionine C5H11NO2S 149.05105 Betaine Metabolism; Methionine Metabolism 15.18 1.05E+06 12.17 4.60E+06 7.46 2.52E+06 

58 P 1 L-Methionine C5H11NO2S 149.05105 Betaine Metabolism; Methionine Metabolism 15.2 2.56E+07 12.16 2.52E+07 7.47 3.61E+07 

59 N 1 D-Ribose 5-phosphate C5H11O8P 230.019157 
Purine Metabolism; Pentose Phosphate 
Pathway 

16.14 1.24E+05 14.1 1.97E+04 5.61 2.59E+06 

60 P 1 D-Ribose 5-phosphate C5H11O8P 230.019157 
Purine Metabolism; Pentose Phosphate 
Pathway 

- N 14.42 1.85E+03 - N 

61 N 1 Xylitol C5H12O5 152.068475 no 13.67 9.63E+05 13.34 4.03E+06 - N 

62 P 1 Xylitol C5H12O5 152.068475 no 13.68 2.97E+05 - N 5.58 5.66E+05 

63 N 1 Choline(+) C5H14NO 104.107539 Betaine Metabolism; Methionine Metabolism - N - N - N 

64 P 1 Choline(+) C5H14NO 104.107539 Betaine Metabolism; Methionine Metabolism 20.29 3.67E+07 20.18 1.45E+08 5.58 3.42E+07 

65 N 1 Xanthine C5H4N4O2 152.033426 Purine Metabolism 9.93 9.43E+06 12.05 5.43E+06 7.48 2.48E+07 

66 P 1 Xanthine C5H4N4O2 152.033426 Purine Metabolism 9.92 3.22E+06 - N 7.47 4.84E+05 

67 N 1 Citraconate C5H6O4 130.02661 no 6.27 1.33E+06 7.71 9.64E+06 15.43 5.29E+06 

68 P 1 Citraconate C5H6O4 130.02661 no - N - N - N 

69 N 1 2-Oxoglutarate C5H6O5 146.021525 Citric Acid Cycle; Gluconeogenesis 8.56 5.04E+04 16.58 1.85E+06 7.32 2.21E+05 

70 P 1 2-Oxoglutarate C5H6O5 146.021525 Citric Acid Cycle; Gluconeogenesis - N - N - N 

71 N 1 Citramalate C5H8O5 148.037175 no 10.23 1.39E+07 15.73 1.62E+08 7.59 5.96E+07 

72 P 1 Citramalate C5H8O5 148.037175 no - N - N - N 

73 N 1 L-Proline C5H9NO2 115.063329 Arginine and Proline Metabolism - N 13.31 1.24E+06 - N 

74 P 1 L-Proline C5H9NO2 115.063329 Arginine and Proline Metabolism 16.8 2.27E+07 13.28 6.59E+07 5.83 3.89E+07 
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75 N 1 Cis-4-Hydroxy-D-Proline C5H9NO3 131.058244 no 18.72 1.56E+07 15.53 2.53E+06 5.46 1.78E+06 

76 P 1 Cis-4-Hydroxy-D-Proline C5H9NO3 131.058244 no 18.71 1.72E+07 15.54 1.78E+07 5.47 1.19E+07 

77 N 1 L-Glutamate C5H9NO4 147.053159 Alanine Metabolism; Histidine Metabolism 15.77 3.00E+05 11.82 1.82E+06 5.57 4.49E+05 

78 P 1 L-Glutamate C5H9NO4 147.053159 Alanine Metabolism; Histidine Metabolism 15.81 9.14E+06 11.92 5.75E+06 5.9 1.15E+07 

79 N 1 Ectoine C6H10N2O2 142.074228 Glycine, serine and threonine metabolism 17.2 5.02E+06 13.56 1.15E+07 6.04 3.71E+06 

80 P 1 Ectoine C6H10N2O2 142.074228 Glycine, serine and threonine metabolism 17.14 3.39E+07 13.62 1.73E+08 6.03 6.58E+07 

81 N 1 D-Galacturonate C6H10O7 194.042655 no 16.25 5.15E+06 17.07 2.29E+06 5.64 5.71E+06 

82 P 1 D-Galacturonate C6H10O7 194.042655 no - N - N - N 

83 N 1 L-Cystine C6H12N2O4S2 240.02385 no 23.58 1.24E+06 17.07 3.70E+05 5.32 9.10E+05 

84 P 1 L-Cystine C6H12N2O4S2 240.02385 no 23.62 5.06E+05 17.03 1.50E+05 5.31 3.93E+05 

85 N 1 rhamnose C6H12O5 164.068475 no 12.18 7.44E+05 11.47 6.53E+05 5.88 2.04E+05 

86 P 1 rhamnose C6H12O5 164.068475 no - N - N - N 

87 N 1 glucose C6H12O6 180.06339 Glycolysis; Galactose Metabolism 15.48 8.72E+06 15.22 1.48E+06 - N 

88 P 1 glucose C6H12O6 180.06339 Glycolysis; Galactose Metabolism - N - N - N 

89 N 1 L-isoleucine C6H13NO2 131.094629 Valine, Leucine and Isoleucine Degradation 14.75 3.54E+04 11.82 4.28E+06 7.52 6.95E+04 

90 P 1 L-isoleucine C6H13NO2 131.094629 Valine, Leucine and Isoleucine Degradation 14.65 3.42E+07 11.9 1.40E+07 7.51 6.69E+07 

91 N 1 glucose 1 phosphate C6H13O9P 260.029722 Starch and Sucrose Metabolism;Glycolysis 16.7 6.61E+06 16.72 2.68E+06 5.39 8.85E+06 

92 P 1 glucose 1 phosphate C6H13O9P 260.029722 Starch and Sucrose Metabolism;Glycolysis 16.74 1.75E+05 16.77 3.78E+04 5.38 5.28E+04 

93 N 1 D-Sorbitol C6H14O6 182.07904 
Fructose and Mannose Degradation; Galactose 
Metabolism 

14.73 1.56E+07 14.38 4.46E+06 5.53 3.65E+05 

94 P 1 D-Sorbitol C6H14O6 182.07904 
Fructose and Mannose Degradation; Galactose 
Metabolism 

14.72 5.28E+05 14.34 1.44E+04 5.54 9.41E+05 

95 N 1 Isonicotinic acid C6H5NO2 123.032029 no 10.23 1.07E+07 8.44 1.74E+07 6.15 1.74E+07 
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96 P 1 Isonicotinic acid C6H5NO2 123.032029 no 10.22 2.09E+07 8.22 1.37E+07 6.16 1.73E+07 

97 N 1 Ascorbate C6H8O6 176.03209 Catecholamine Biosynthesis 11.34 2.76E+05 11.12 6.73E+04 15.46 3.33E+05 

98 P 1 Ascorbate C6H8O6 176.03209 Catecholamine Biosynthesis - N - N - N 

99 N 1 Isocitrate C6H8O7 192.027005 Citric Acid Cycle 11.96 7.88E+06 19.56 1.59E+07 6.53 1.07E+07 

100 P 1 Isocitrate C6H8O7 192.027005 Citric Acid Cycle - N - N - N 

101 N 1 Theophyline C7H8N4O2 180.064726 Caffeine Metabolism - N - N - N 

102 P 1 Theophyline C7H8N4O2 180.064726 Caffeine Metabolism - N - N - N 

103 N 1 N-Acetyl-D-Glucosamine C8H15NO6 221.089939 Amino Sugar Metabolism 12.8 1.45E+06 12.21 2.04E+06 5.82 3.09E+05 

104 P 1 N-Acetyl-D-Glucosamine C8H15NO6 221.089939 Amino Sugar Metabolism 12.81 6.60E+06 12.27 5.21E+06 5.83 4.32E+06 

105 N 1 2-Phenylglycine C8H9NO2 151.063329 no 14.62 4.97E+05 11.87 3.01E+06 7.48 1.03E+06 

106 P 1 2-Phenylglycine C8H9NO2 151.063329 no 14.65 1.71E+07 11.92 7.01E+06 7.49 2.20E+07 

107 N 1 Sepiapterin C9H11N5O3 237.08619 Pterine Biosynthesis - N - N - N 

108 P 1 Sepiapterin C9H11N5O3 237.08619 Pterine Biosynthesis - N - N - N 

109 N 1 Pantothenate C9H17NO5 219.110674 
Beta-alanine Metabolism and Pantothenate 
and CoA Biosynthesis 

8.14 2.44E+07 9.44 3.26E+07 11.59 3.12E+07 

110 P 1 Pantothenate C9H17NO5 219.110674 
Beta-alanine Metabolism and Pantothenate 
and CoA Biosynthesis 

8.18 1.89E+07 9.4 2.58E+07 11.71 1.25E+07 

111 N 1 N6-Trimethyl-L-lysine C9H20N2O2 188.152478 Carnitine Synthesis - N 22.55 1.31E+04 - N 

112 P 1 N6-Trimethyl-L-lysine C9H20N2O2 188.152478 Carnitine Synthesis 29.86 1.45E+07 22.49 4.21E+07 5.27 2.49E+07 

113 N 1 2-phenyl Iimidazole C9H8N2 144.068748   13.82 5.90E+04 6.26 2.55E+06 12.59 4.72E+05 

114 P 1 2-phenyl Iimidazole C9H8N2 144.068748   13.79 7.81E+07 5.83 5.43E+07 12.65 9.25E+07 

115 N 1 4-Coumarate C9H8O3 164.047345 no 6.29 9.83E+06 8.92 1.64E+07 18.72 4.02E+07 

116 P 1 4-Coumarate C9H8O3 164.047345 no 6.31 2.15E+05 8.91 5.62E+04 18.71 2.15E+05 
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117 N 1 Hippuric acid C9H9NO3 179.058244 no 6.53 3.51E+07 7.74 1.30E+08 16.55 8.71E+07 

118 P 1 Hippuric acid C9H9NO3 179.058244 no 6.54 3.96E+06 7.77 4.45E+05 16.54 6.89E+06 

119 N 2 Sucrose C12H22O11 342.116215 Starch and sucrose/Galactose Metabolism 16.09 3.37E+06 15.6 1.66E+06 - N 

120 P 2 Sucrose C12H22O11 342.116215 Starch and sucrose/Galactose Metabolism - N 15.61 7.67E+03 - N 

121 N 2 B-Alanine C3H7NO2 89.047679 
Propanoate Metabolism; Aspartate 
Metabolism - N 15.86 6.98E+05 

- N 

122 P 2 B-Alanine C3H7NO2 89.047679 
Propanoate Metabolism; Aspartate 
Metabolism 

20.6 2.56E+07 15.8 1.88E+07 5.43 3.01E+07 

123 N 2 Dihydroxyacetone phosphate C3H7O6P 169.998027 
Fructose and Mannose Degradation; Glycerol 
Phosphate Shuttle 15.66 1.15E+07 16.21 6.41E+06 

5.44 2.74E+06 

124 P 2 Dihydroxyacetone phosphate C3H7O6P 169.998027 
Fructose and Mannose Degradation; Glycerol 
Phosphate Shuttle 

15.58 1.43E+05 16.17 3.59E+03 5.57 3.94E+04 

125 N 2 3-Phosphoglycerate C3H7O7P 185.992942 
Glycine and Serine/Glycerolipid Metabolism 
and Glycolysis Gluconeogenesis 27.1 4.25E+05 17.82 5.16E+06 

5.6 4.06E+06 

126 P 2 3-Phosphoglycerate C3H7O7P 185.992942 
Glycine and Serine/Glycerolipid Metabolism 
and Glycolysis Gluconeogenesis 

- N 17.81 1.72E+04 5.68 4.60E+04 

127 N 2 Maleic acid C4H4O4 116.01096   6.37 2.53E+07 12.2 4.79E+07 8.45 7.79E+06 

128 P 2 Maleic acid C4H4O4 116.01096   - N - N 5.55 1.49E+04 

129 N 2 Ketobutyric acid C4H6O3 102.031695 
Methionine Metabolism; Glycine and Serine 
Metabolism 6.62 3.96E+07 7.8 1.88E+08 

9.14 3.34E+07 

130 P 2 Ketobutyric acid C4H6O3 102.031695 
Methionine Metabolism; Glycine and Serine 
Metabolism 

- N - N - N 

131 N 2 Succinate C4H6O4 118.02661 Citric Acid Cycle; Glutamate Metabolism 8.15 1.46E+07 16.09 8.67E+06 10.02 1.46E+07 

132 P 2 Succinate C4H6O4 118.02661 Citric Acid Cycle; Glutamate Metabolism - N - N - N 

133 N 2 L-Threonine C4H9NO3 119.058244 
Transcription/Translation; Glycine and Serine 
Metabolism 18.79 1.13E+07 15.03 4.75E+06 

5.44 2.64E+06 

134 P 2 L-Threonine C4H9NO3 119.058244 
Transcription/Translation; Glycine and Serine 
Metabolism 

18.8 1.97E+07 15.06 1.01E+07 5.48 7.95E+06 
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135 N 2 ribose C5H10O5 150.052825 Pentose Phosphate Pathway 12.18 2.68E+06 12.09 7.71E+05 9.28 3.78E+05 

136 P 2 ribose C5H10O5 150.052825 Pentose Phosphate Pathway - N - N - N 

137 N 2 L-Valine C5H11NO2 117.078979 
Valine, Leucine and Isoleucine Degradation; 
Propanoate Metabolism 15.75 4.81E+04 13.03 5.50E+06 

- N 

138 P 2 L-Valine C5H11NO2 117.078979 
Valine, Leucine and Isoleucine Degradation; 
Propanoate Metabolism 

15.79 4.60E+07 12.99 3.47E+07 6.31 3.48E+07 

139 N 2 D-Ribulose 5-phosphate C5H11O8P 230.019157 Pentose Phosphate Pathway 15.96 2.88E+06 16.39 2.52E+06 5.47 1.08E+06 

140 P 2 D-Ribulose 5-phosphate C5H11O8P 230.019157 Pentose Phosphate Pathway 16.62 9.64E+04 16.37 1.20E+04 - N 

141 N 2 Oxypurinol C5H4N4O2 152.033426 no 9.42 1.94E+07 11.02 1.48E+07 9.48 1.11E+07 

142 P 2 Oxypurinol C5H4N4O2 152.033426 no 9.39 2.40E+04 - N - N 

143 N 2 Mesaconate C5H6O4 130.02661 no 6.53 6.65E+06 16.41 8.43E+06 12.1 3.94E+07 

144 P 2 Mesaconate C5H6O4 130.02661 no 6.49 7.01E+04 - N 12.58 1.34E+06 

145 N 2 D-2-Hydroxyglutaric acid C5H8O5 148.037175 no 8.74 3.38E+07 16.11 5.58E+07 7.64 2.45E+07 

146 P 2 D-2-Hydroxyglutaric acid C5H8O5 148.037175 no - N - N - N 

147 N 2 5-Aminolevulinate C5H9NO3 131.058244 Glycine and Serine/Porphyrin Metabolism 20.37 2.46E+06 14.46 1.67E+07 - N 

148 P 2 5-Aminolevulinate C5H9NO3 131.058244 Glycine and Serine/Porphyrin Metabolism 19.88 3.24E+07 14.42 6.17E+07 5.75 5.97E+07 

149 N 2 O-Acetyl-L-serine C5H9NO4 147.053159 no 15.41 1.40E+06 11.48 1.47E+07 6.39 1.77E+06 

150 P 2 O-Acetyl-L-serine C5H9NO4 147.053159 no 15.42 6.34E+06 11.58 1.87E+06 5.81 3.12E+06 

151 N 2 D-Glucuronate C6H10O7 194.042655 
Inositol Metabolism; Starch and Sucrose 
Metabolism 16.34 2.90E+05 16.79 3.58E+05 

5.51 3.21E+05 

152 P 2 D-Glucuronate C6H10O7 194.042655 
Inositol Metabolism; Starch and Sucrose 
Metabolism 

- N - N - N 

153 N 2 fucose C6H12O5 164.068475 Fructose and Mannose Degradation 11.86 3.71E+05 12.59 1.92E+05 - N 

154 P 2 fucose C6H12O5 164.068475 Fructose and Mannose Degradation - N - N - N 



  

Page | 241 

 

             

  

ZIC-HILIC ZIC-pHILIC C18 

No. 
Polarit
y 

Std. 
mix Compound Name Formula MW Pathway map RT peak RT peak RT peak 

155 N 2 galactose C6H12O6 180.06339 
Galactose Metabolism; Nucleotide Sugars 
Metabolism 15.89 6.05E+06 10.31 3.12E+06 

6.07 7.49E+05 

156 P 2 galactose C6H12O6 180.06339 
Galactose Metabolism; Nucleotide Sugars 
Metabolism 

- N - N - N 

157 N 2 L-Leucine C6H13NO2 131.094629 Valine, Leucine and Isoleucine Degradation - N 11.27 2.98E+06 - N 

158 P 2 L-Leucine C6H13NO2 131.094629 Valine, Leucine and Isoleucine Degradation 14.27 2.18E+07 11.24 1.25E+07 9.33 1.13E+07 

159 N 2 glucose 6 phosphate C6H13O9P 260.029722 Gluconeogenesis; Pentose Phosphate Pathway 18.38 8.20E+06 17.68 3.25E+06 5.21 3.91E+06 

160 P 2 glucose 6 phosphate C6H13O9P 260.029722 Gluconeogenesis; Pentose Phosphate Pathway 18.41 3.25E+05 17.67 5.15E+04 5.2 3.96E+04 

161 N 2 Mannitol C6H14O6 182.07904 no 14.94 2.50E+06 14.46 1.03E+07 5.53 3.62E+05 

162 P 2 Mannitol C6H14O6 182.07904 no 14.74 8.90E+05 - N 5.55 4.53E+05 

163 N 2 Nicotinate C6H5NO2 123.032029 Nicotinate and Nicotinamide Metabolism 8.92 2.93E+06 8.37 1.13E+07 6.83 2.76E+06 

164 P 2 Nicotinate C6H5NO2 123.032029 Nicotinate and Nicotinamide Metabolism 8.91 2.01E+07 8.41 1.01E+07 7.16 4.52E+06 

165 N 2 D-Isoascorbic acid C6H8O6 176.03209   10.39 9.67E+06 10.68 2.37E+06 12.1 6.73E+06 

166 N 2 Citrate C6H8O7 192.027005 Citric Acid Cycle 20.71 2.87E+06 19.04 1.02E+07 7.71 7.30E+06 

167 P 2 Citrate C6H8O7 192.027005 Citric Acid Cycle - N - N - N 

168 N 2 Theobromine C7H8N4O2 180.064726 Caffeine Metabolism - N 7.78 1.42E+05 - N 

169 P 2 Theobromine C7H8N4O2 180.064726 Caffeine Metabolism 8.16 1.40E+06 - N 12.58 5.12E+06 

170 N 2 N-Acetyl-D-mannosamine C8H15NO6 221.089939 Amino Sugar Metabolism 12.96 1.23E+06 12.59 1.46E+06 5.85 3.64E+05 

171 P 2 N-Acetyl-D-mannosamine C8H15NO6 221.089939 Amino Sugar Metabolism 12.99 3.38E+06 12.74 1.44E+06 5.84 1.89E+06 

172 N 2 4-Hydroxyphenylacetaldoxime C8H9NO2 151.063329   - N 7.78 2.92E+07 12.88 1.45E+06 

173 P 2 4-Hydroxyphenylacetaldoxime C8H9NO2 151.063329   8.11 5.53E+06 - N 12.87 7.06E+06 

174 N 2 Biopterin C9H11N5O3 237.08619 no 13.28 8.71E+06 12.09 8.71E+06 7.75 4.22E+06 

175 P 2 Biopterin C9H11N5O3 237.08619 no 13.31 5.63E+06 12.03 2.50E+06 7.74 1.92E+06 
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176 N 2 Serotonin C10H12N2O 176.094963 Tryptophan Metabolism - N - N - N 

177 P 2 Serotonin C10H12N2O 176.094963 Tryptophan Metabolism 17.58 7.08E+06 36.4 5.58E+05 11.82 1.41E+07 

178 N 2 ADP C10H15N5O10P2 427.029419   28.93 2.18E+05 15.98 2.74E+06 6.14 1.44E+06 

179 P 2 ADP C10H15N5O10P2 427.029419   - N 15.96 2.36E+05 - N 

180 N 2 Biotin C10H16N2O3S 244.088164 Biotin Metabolism 8.24 2.49E+05 9.51 8.26E+05 16.08 5.51E+06 

181 P 2 Biotin C10H16N2O3S 244.088164 Biotin Metabolism 8.25 5.06E+05 9.54 1.07E+06 16.09 2.06E+06 

182 N 2 Glutathione C10H17N3O6S 307.083808 
Glutamate Metabolism; Glutathione 
Metabolism 17.22 7.33E+06 15.08 2.04E+06 

7.68 2.04E+06 

183 P 2 Glutathione C10H17N3O6S 307.083808 
Glutamate Metabolism; Glutathione 
Metabolism 

17.21 2.61E+06 15.09 5.63E+05 6.46 7.17E+05 

184 N 2 Lactoylglutathione C13H21N3O8S 379.104938 Pyruvate Metabolism 16.5 1.34E+07 14.11 1.01E+07 10.13 9.18E+06 

185 P 2 Lactoylglutathione C13H21N3O8S 379.104938 Pyruvate Metabolism 16.51 5.94E+06 14.12 2.78E+06 10.12 3.06E+06 

186 N 2 
S-Adenosyl-L-methionine(easy 
degradation) C15H22N6O5S 398.13724 Betaine Metabolism; Methionine Metabolism - N 17.09 1.83E+04 

18.81 N 

187 P 2 
S-Adenosyl-L-methionine(easy 
degradation) C15H22N6O5S 398.13724 Betaine Metabolism; Methionine Metabolism 

33.27 3.03E+05 17.08 8.45E+05 5.39 5.71E+05 

188 N 2 Folate C19H19N7O6 441.139683 Pterine Biosynthesis; Folate Metabolism 11.49 1.28E+07 17.49 3.23E+06 13.69 3.68E+07 

189 P 2 Folate C19H19N7O6 441.139683 Pterine Biosynthesis; Folate Metabolism 11.53 2.47E+06 17.51 4.52E+05 13.7 3.28E+06 

190 N 2 NADP(+) C21H29N7O17P3 744.083284 
Glucose-Alanine Cycle; Nicotinate and 
Nicotinamide Metabolism - N - N 

- N 

191 P 2 NADP(+) C21H29N7O17P3 744.083284 
Glucose-Alanine Cycle; Nicotinate and 
Nicotinamide Metabolism 

- N - N - N 

192 N 2 Oxalate C2H2O4 89.99531 no 43.7 1.26E+05 18.61 5.15E+06 4.99 3.79E+05 

193 P 2 Oxalate C2H2O4 89.99531 no - N - N - N 

194 N 2 Bilirubin C33H36N4O6 584.263486 Porphyrin Metabolism - N 4.03 1.98E+04 - N 

195 P 2 Bilirubin C33H36N4O6 584.263486 Porphyrin Metabolism - N 3.99 1.82E+04 - N 



  

Page | 243 

 

             

  

ZIC-HILIC ZIC-pHILIC C18 

No. 
Polarit
y 

Std. 
mix Compound Name Formula MW Pathway map RT peak RT peak RT peak 

196 N 2 Phosphoenolpyruvate C3H5O6P 167.982377 Glycolysis; Gluconeogenesis 14.8 1.32E+07 18.43 9.65E+06 6.14 3.05E+06 

197 P 2 Phosphoenolpyruvate C3H5O6P 167.982377 Glycolysis; Gluconeogenesis 
14.81 1.86E+05 18.42 6.83E+03 - N 

198 N 2 sn-Glycerol 3-phosphate C3H9O6P 172.013677 
Glycerol Phosphate Shuttle/Glycerolipid 
Metabolism 13.64 7.03E+04 - N 

5.65 5.36E+05 

199 P 2 sn-Glycerol 3-phosphate C3H9O6P 172.013677 
Glycerol Phosphate Shuttle/Glycerolipid 
Metabolism 

- N - N - N 

200 N 2 Uracil C4H4N2O2 112.027278 
Pyrimidine Metabolism; Beta-Alanine 
Metabolism 8.74 6.17E+06 8.9 1.58E+07 

6.83 3.41E+06 

201 P 2 Uracil C4H4N2O2 112.027278 
Pyrimidine Metabolism; Beta-Alanine 
Metabolism 

8.71 6.80E+05 8.94 3.39E+04 7.4 1.42E+05 

202 N 2 Allantoin C4H6N4O3 158.043991 no 13.82 1.37E+07 14.25 3.19E+06 5.94 7.03E+06 

203 P 2 Allantoin C4H6N4O3 158.043991 no 13.81 2.94E+06 9.81 4.81E+03 5.93 4.15E+05 

204 N 2 Creatinine C4H7N3O 113.058912 no 19.08 3.85E+05 10.08 4.46E+06 6.03 1.31E+05 

205 P 2 Creatinine C4H7N3O 113.058912 no 18.95 3.12E+07 10.04 6.73E+07 5.99 6.33E+07 

206 N 2 D-3-hydroxy-butyrate C4H8O3 104.047345 Fatty Acid Biosynthesis 7.3 1.12E+06 9.94 6.44E+06 9.37 2.74E+06 

207 P 2 D-3-hydroxy-butyrate C4H8O3 104.047345 Fatty Acid Biosynthesis - N - N - N 

208 N 2 DL-3-aminobutyrate C4H9NO2 103.063329   - N 15.93 3.83E+05 - N 

209 P 2 DL-3-aminobutyrate C4H9NO2 103.063329   19.25 1.85E+07 15.96 5.02E+07 5.61 2.57E+07 

210 N 2 Deoxyribose C5H10O4 134.05791 no 7.19 1.75E+05 8.87 1.99E+05 13.76 9.02E+05 

211 P 2 Deoxyribose C5H10O4 134.05791 no - N - N - N 

212 N 2 L-Ornithine C5H12N2O2 132.089878 Arginine and Proline Metabolism; Urea Cycle 29.11 1.57E+05 23.65 8.89E+05 5.03 1.02E+05 

213 P 2 L-Ornithine C5H12N2O2 132.089878 Arginine and Proline Metabolism; Urea Cycle 29.14 7.78E+06 23.63 2.65E+06 5.02 6.80E+06 

214 N 2 Hypoxanthine C5H4N4O 136.038511 Purine Metabolism 10.71 1.76E+07 10.57 7.23E+06 7.62 5.48E+06 

215 P 2 Hypoxanthine C5H4N4O 136.038511 Purine Metabolism 10.65 2.77E+07 10.55 1.67E+07 7.63 4.59E+06 
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216 N 2 Adenine C5H5N5 135.054495 Purine Metabolism 16.82 1.34E+07 9.94 1.83E+07 6.23 1.17E+07 

217 P 2 Adenine C5H5N5 135.054495 Purine Metabolism 16.87 2.19E+07 9.81 3.27E+07 6.22 4.32E+07 

218 N 2 Imidazole-4-acetate C5H6N2O2 126.042928 Histidine Metabolism 17.79 1.25E+07 12.36 8.99E+06 5.89 1.16E+07 

219 P 2 Imidazole-4-acetate C5H6N2O2 126.042928 Histidine Metabolism 17.76 2.59E+07 12.37 8.91E+07 5.9 5.55E+07 

220 N 2 N-Formyl-L-methionine C6H11NO3S 177.045965 no 6.62 2.05E+07 7.85 1.11E+08 14.52 8.54E+07 

221 P 2 N-Formyl-L-methionine C6H11NO3S 177.045965 no 6.63 1.13E+06 5.42 4.34E+04 14.51 4.17E+06 

222 N 2 O-Acetylcarnitine(+) C9H18NO4 204.123584 
Beta-Alanine Metabolism; Pantothenate and 
CoA Biosynthesis 15.19 2.99E+07 - N 

- N 

223 P 2 O-Acetylcarnitine(+) C9H18NO4 204.123584 
Beta-Alanine Metabolism; Pantothenate and 
CoA Biosynthesis 

15.17 2.99E+07 11.51 1.76E+08 6.71 1.57E+07 

224 N 2 2-Indolecarboxylicacid C9H7NO2 161.047679 no 6.14 2.04E+07 7.8 8.99E+07 23.46 9.37E+07 

225 P 2 2-Indolecarboxylicacid C9H7NO2 161.047679 no - N - N - N 

226 N 2 trans-cinnamic acid C9H8O2 148.05243 no 6.12 3.66E+04 7.78 4.32E+07 24.02 2.42E+05 

227 P 2 trans-cinnamic acid C9H8O2 148.05243 no 6.08 4.71E+04 4.28 8.43E+03 24.01 9.33E+04 

228 N 2 Caffeate C9H8O4 180.04226 no 7.78 2.96E+07 12.2 4.27E+07 16.6 1.38E+08 

229 P 2 Caffeate C9H8O4 180.04226 no 7.88 1.18E+05 12.1 2.73E+04 16.58 4.50E+05 

230 N 3 Sarcosine C3H7NO2 89.047679 Glycine and Serine Metabolism - N 14.52 1.27E+06 - N 

231 P 3 Sarcosine C3H7NO2 89.047679 Glycine and Serine Metabolism 18.27 2.57E+07 14.47 2.69E+07 5.47 1.97E+07 

232 N 3 2-phosphoglycerate C3H7O7P 185.992942 
Glycine and Serine/Glycerolipid Metabolism 
and Glycolysis Gluconeogenesis 

16.09 8.10E+06 17.64 6.97E+06 5.71 5.48E+06 

233 P 3 2-phosphoglycerate C3H7O7P 185.992942 
Glycine and Serine/Glycerolipid Metabolism 
and Glycolysis Gluconeogenesis 

16.07 1.86E+05 - N 5.72 8.72E+04 

234 N 3 xylose C5H10O5 150.052825 no 13.77 2.03E+06 13.78 2.18E+05 5.71 4.70E+05 

235 P 3 xylose C5H10O5 150.052825 no - N - N - N 
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236 N 3 D-Xylulose 5-phosphate C5H11O8P 230.019157 Pentose Phosphate Pathway 15.74 9.97E+04 - N 5.48 1.18E+06 

237 P 3 D-Xylulose 5-phosphate C5H11O8P 230.019157 Pentose Phosphate Pathway - N - N - N 

238 N 3 Itaconate C5H6O4 130.02661 no 7.5 2.02E+07 15.99 4.49E+07 12.63 5.15E+07 

239 P 3 Itaconate C5H6O4 130.02661 no - N - N - N 

240 N 3 mannose C6H12O6 180.06339 
Fructose and Mannose Degradation; Galactose 
Metabolism 

14.13 9.15E+06 14.38 1.78E+06 5.59 1.95E+06 

241 P 3 mannose C6H12O6 180.06339 
Fructose and Mannose Degradation; Galactose 
Metabolism 

- N - N - N 

242 N 3 galactose 1 phosphate C6H13O9P 260.029722 
Nucleotide Sugars Metabolism; Galactose 
Metabolism 

16.88 1.14E+07 16.8 2.43E+06 5.23 2.13E+06 

243 P 3 galactose 1 phosphate C6H13O9P 260.029722 
Nucleotide Sugars Metabolism; Galactose 
Metabolism 

16.89 2.81E+05 16.79 3.54E+04 - N 

244 N 3 Picolinic acid C6H5NO2 123.032029 no - N 9.29 8.41E+05 - N 

245 P 3 Picolinic acid C6H5NO2 123.032029 no - N 9.28 4.45E+05 6.55 2.81E+06 

246 N 3 D-Glucuronolactone C6H8O6 176.03209 no 15.31 3.58E+06 16.21 5.01E+07 6.54 6.27E+06 

247 P 3 D-Glucuronolactone C6H8O6 176.03209 no - N - N - N 

248 N 3 Paraxanthine C7H8N4O2 180.064726   - N 7.67 5.82E+06 - N 

249 P 3 Paraxanthine C7H8N4O2 180.064726   7.7 3.27E+06 7.66 3.33E+05 13.65 8.69E+06 

250 N 3 L-Kynurenine C10H12N2O3 208.084793 Tryptophan Metabolism 14.27 1.24E+06 11.37 1.93E+06 12.86 9.91E+05 

251 P 3 L-Kynurenine C10H12N2O3 208.084793 Tryptophan Metabolism 14.25 8.99E+06 11.31 7.08E+06 12.89 8.77E+06 

252 N 3 Guanosine C10H13N5O5 283.09167 Purine Metabolism 13.49 8.20E+06 13.05 3.87E+06 10.1 2.92E+06 

253 P 3 Guanosine C10H13N5O5 283.09167 Purine Metabolism 13.46 8.86E+06 13.07 1.88E+06 7.47 6.82E+06 

254 N 3 Thymidine C10H14N2O5 242.090273 Pyrimidine Metabolism 8.19 2.22E+06 7.71 1.40E+07 11.38 2.63E+06 

255 P 3 Thymidine C10H14N2O5 242.090273 Pyrimidine Metabolism 8.21 2.43E+06 7.75 1.71E+05 11.41 8.83E+05 
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256 N 3 dAMP C10H14N5O6P 331.068172 Purine Metabolism 17.85 1.35E+07 13.6 7.11E+06 6.36 2.45E+07 

257 P 3 dAMP C10H14N5O6P 331.068172 Purine Metabolism 17.82 2.55E+06 13.59 4.46E+06 6.35 4.61E+06 

258 N 3 AMP C10H14N5O7P 347.063087 Purine Metabolism 18.08 8.92E+06 14.52 5.14E+06 6.18 1.94E+07 

259 P 3 AMP C10H14N5O7P 347.063087 Purine Metabolism 18.11 1.53E+06 14.56 1.22E+06 6.17 3.66E+06 

260 N 3 L-Metanephrine C10H15NO3 197.105194 Tyrosine Metabolism - N 18.47 2.55E+04 - N 

261 P 3 L-Metanephrine C10H15NO3 197.105194 Tyrosine Metabolism 17.23 1.75E+07 18.58 3.12E+07 7.47 3.34E+07 

262 N 3 Spermine C10H26N4 202.215746 Spermidine and Spermine Biosynthesis - N - N - N 

263 P 3 Spermine C10H26N4 202.215746 Spermidine and Spermine Biosynthesis 41.32 3.54E+05 - N 4.29 1.58E+06 

264 N 3 Kynurenic acid C10H7NO3 189.042594 Tryptophan Metabolism 8.1 1.72E+07 7.69 4.95E+07 14.44 5.79E+07 

265 P 3 Kynurenic acid C10H7NO3 189.042594 Tryptophan Metabolism 8.16 3.25E+07 7.7 1.46E+07 14.45 1.83E+07 

266 N 3 5-Hydroxyindoleacetate C10H9NO3 191.058244 Tryptophan Metabolism 6.28 1.80E+05 5.03 6.66E+05 14.29 2.57E+06 

267 P 3 5-Hydroxyindoleacetate C10H9NO3 191.058244 Tryptophan Metabolism 6.11 5.23E+05 11.29 4.81E+05 - N 

268 N 3 L-Saccharopine C11H20N2O6 276.132138 Lysine Degradation 22.87 2.71E+06 16.41 4.99E+06 5.41 8.58E+06 

269 P 3 L-Saccharopine C11H20N2O6 276.132138 Lysine Degradation 22.95 1.18E+06 16.42 2.19E+06 5.43 2.42E+06 

270 N 3 NADPH C21H30N7O17P3 745.091109 Histidine Metabolism; Glycerolipid Metabolism - N 18.03 4.47E+04 - N 

271 P 3 NADPH C21H30N7O17P3 745.091109 Histidine Metabolism; Glycerolipid Metabolism - N 16.86 1.68E+03 - N 

272 N 3 Glycocholic acid C26H43NO6 465.309039 Bile Acid Biosynthesis 6.58 1.32E+07 5.03 5.68E+07 22.12 5.64E+07 

273 P 3 Glycocholic acid C26H43NO6 465.309039 Bile Acid Biosynthesis 6.57 4.02E+06 5.04 1.98E+06 22.13 9.56E+06 

274 N 3 Glycine C2H5NO2 75.032029 Ammonia Recycling; Bile Acid Biosynthesis - N - N - N 

275 P 3 Glycine C2H5NO2 75.032029 Ammonia Recycling; Bile Acid Biosynthesis 19.68 5.82E+06 16.22 4.64E+05 5.4 2.14E+06 

276 N 3 Pyruvate C3H4O3 88.016045 Urea Cycle; Pyruvate Metabolism 8.35 4.05E+05 8.9 2.20E+07 6.52 8.58E+05 
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277 P 3 Pyruvate C3H4O3 88.016045 Urea Cycle; Pyruvate Metabolism - N - N - N 

278 N 3 5-Oxoproline C5H7NO3 129.042594 Glutathione Metabolism 8.35 3.11E+07 10.97 3.95E+07 7.45 2.18E+07 

279 P 3 5-Oxoproline C5H7NO3 129.042594 Glutathione Metabolism 8.37 3.33E+06 10.99 2.19E+05 7.44 1.52E+06 

280 N 3 Histamine C5H9N3 111.079647 Histidine Metabolism - N 25.86 2.04E+04 - N 

281 P 3 Histamine C5H9N3 111.079647 Histidine Metabolism 35.33 9.26E+06 25.88 6.97E+06 4.84 1.10E+07 

282 N 3 Acetylcysteine C5H9NO3S 163.030315 no 8.15 3.42E+05 8.56 1.51E+07 19.5 6.98E+05 

283 P 3 Acetylcysteine C5H9NO3S 163.030315 no - N 8.57 1.03E+05 - N 

284 N 3 Galactarate C6H10O8 210.03757 no 19.21 3.55E+06 18.1 1.14E+07 5.57 1.47E+07 

285 P 3 Galactarate C6H10O8 210.03757 no - N - N - N 

286 N 3 D-Glucosamine C6H13NO5 179.079374 Amino Sugar Metabolism 25.32 1.90E+05 14.34 9.14E+04 - N 

287 P 3 D-Glucosamine C6H13NO5 179.079374 Amino Sugar Metabolism 25.35 3.74E+06 14.98 8.93E+05 5.36 1.74E+06 

288 N 3 6-Phospho-D-gluconate C6H13O10P 276.024637 Pentose Phosphate Pathway 20.16 5.57E+04 18.66 1.91E+05 5.68 3.04E+05 

289 P 3 6-Phospho-D-gluconate C6H13O10P 276.024637 Pentose Phosphate Pathway - N - N - N 

290 N 3 L-Arginine C6H14N4O2 174.111676 Urea Cycle; Arginine and Proline Metabolism 28.93 5.10E+06 26.45 1.41E+06 5.35 9.26E+05 

291 P 3 L-Arginine C6H14N4O2 174.111676 Urea Cycle; Arginine and Proline Metabolism 28.97 6.20E+06 26.47 3.18E+06 5.36 2.76E+06 

292 N 3 D-Glucosamine 6-Phosphate C6H14NO8P 259.045706 
Amino Sugar Metabolism; Glutamate 
Metabolism 

7.5 1.86E+05 13.25 3.83E+04 12.61 2.52E+05 

293 P 3 D-Glucosamine 6-Phosphate C6H14NO8P 259.045706 
Amino Sugar Metabolism; Glutamate 
Metabolism 

- N - N - N 

294 N 3 L-Histidine C6H9N3O2 155.069477 Histidine Metabolism; Ammonia Recycling 27.49 1.39E+07 15.25 4.27E+06 5.07 1.59E+06 

295 P 3 L-Histidine C6H9N3O2 155.069477 Histidine Metabolism; Ammonia Recycling 27.48 9.95E+06 15.24 1.00E+07 5.08 1.87E+06 

296 N 3 N-Acetyl-L-aspartate C6H9NO5 175.048074 Aspartate Metabolism 8.49 3.80E+07 15.56 2.74E+07 7.41 1.81E+07 

297 P 3 N-Acetyl-L-aspartate C6H9NO5 175.048074 Aspartate Metabolism 8.48 3.42E+06 15.52 1.29E+05 7.4 1.09E+06 
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298 N 3 N(pi)-Methyl-L-histidine C7H11N3O2 169.085127 no 27.96 1.09E+07 13.6 2.61E+06 5.35 1.24E+06 

299 P 3 N(pi)-Methyl-L-histidine C7H11N3O2 169.085127 no 27.91 1.10E+07 13.61 2.28E+07 5.31 3.96E+06 

300 N 3 N-Acetyl-L-glutamate C7H11NO5 189.063724 no 8.24 3.50E+07 15.08 3.09E+07 7.45 2.52E+07 

301 P 3 N-Acetyl-L-glutamate C7H11NO5 189.063724 no 8.23 6.15E+06 15.07 5.52E+06 7.44 3.09E+06 

302 N 3 Dopamine C8H11NO2 153.078979 
Tyrosine Metabolism; Catecholamine 
Biosynthesis 

- N - N - N 

303 P 3 Dopamine C8H11NO2 153.078979 
Tyrosine Metabolism; Catecholamine 
Biosynthesis 

- N 29.48 3.27E+04 - N 

304 N 3 
6-Hydroxydopamine(Oxidopamine) 
rapid brown C8H11NO3 169.073894 no 

- N 8.28 3.77E+04 - N 

305 P 3 
6-Hydroxydopamine(Oxidopamine) 
rapid brown C8H11NO3 169.073894 no 

18.02 7.98E+04 8.29 5.88E+05 - N 

306 N 3 Pyridoxamine C8H12N2O2 168.089878 Vitamin B6 Metabolism 31.15 7.57E+04 12.02 1.05E+05 5.39 1.16E+05 

307 P 3 Pyridoxamine C8H12N2O2 168.089878 Vitamin B6 Metabolism 31.16 6.66E+06 11.91 8.12E+06 5.38 1.77E+07 

308 N 3 Lipoate C8H14O2S2 206.043522 
Ammonia Recycling; Glycine and Serine 
Metabolism 

6 2.61E+05 4.99 2.83E+07 26.58 2.51E+06 

309 P 3 Lipoate C8H14O2S2 206.043522 
Ammonia Recycling; Glycine and Serine 
Metabolism 

- N - N - N 

310 N 3 N6-Acetyl-L-Lysine C8H16N2O3 188.116093 no 19.69 1.93E+07 15.53 1.02E+07 5.89 1.75E+07 

311 P 3 N6-Acetyl-L-Lysine C8H16N2O3 188.116093 no 19.68 2.26E+07 15.52 5.63E+07 5.9 3.94E+07 

312 N 3 Phthalate C8H6O4 166.02661 no - N - N - N 

313 P 3 Phthalate C8H6O4 166.02661 no 6.48 7.01E+05 14.75 1.68E+05 16.49 1.95E+06 

314 N 3 Pyridoxal C8H9NO3 167.058244 Vitamin B6 Metabolism 17.47 3.40E+05 4.91 5.08E+05 11.22 1.46E+05 

315 P 3 Pyridoxal C8H9NO3 167.058244 Vitamin B6 Metabolism 17.5 4.13E+05 5.75 4.37E+05 7.42 2.73E+05 

316 N 3 Uridine C9H12N2O6 244.069538 Pyrimidine Metabolism 10.18 9.75E+06 10.18 6.60E+06 7.43 3.88E+06 

317 P 3 Uridine C9H12N2O6 244.069538 Pyrimidine Metabolism 10.17 2.09E+06 - N 7.44 6.39E+05 
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318 N 3 Amphetamine C9H13N 135.104799 no - N - N - N 

319 P 3 Amphetamine C9H13N 135.104799 no 13.96 6.84E+07 18.16 8.60E+07 14.34 1.15E+08 

320 N 3 UMP C9H13N2O9P 324.03587 Pyrimidine Metabolism;Lactose Synthesis 14.72 1.83E+07 15.94 4.76E+06 5.95 2.07E+07 

321 P 3 UMP C9H13N2O9P 324.03587 Pyrimidine Metabolism;Lactose Synthesis 14.75 7.57E+05 15.93 9.18E+04 5.97 3.36E+05 

322 N 3 Cytidine C9H13N3O5 243.085522 Pyrimidine Metabolism 20.64 8.18E+06 12.29 2.93E+06 6.2 2.99E+06 

323 P 3 Cytidine C9H13N3O5 243.085522 Pyrimidine Metabolism 20.6 1.19E+07 12.32 1.06E+07 6.19 1.43E+07 

324 N 3 CDP C9H15N3O11P2 403.018186 Pyrimidine Metabolism 30.2 2.14E+05 17.9 1.56E+06 5.64 1.47E+06 

325 P 3 CDP C9H15N3O11P2 403.018186 Pyrimidine Metabolism - N 17.93 1.64E+05 5.63 8.41E+04 

326 N 3 CTP C9H16N3O14P3 482.984518 
Pyrimidine Metabolism; Amino Sugar 
Metabolism 

- N 19.38 1.16E+05 - N 

327 P 3 CTP C9H16N3O14P3 482.984518 
Pyrimidine Metabolism; Amino Sugar 
Metabolism 

- N 19.49 4.07E+03 - N 

328 N 3 O-Acetylcarnitine C9H17NO4 203.115759 Beta Oxidation of Very Long Chain Fatty Acids 16.27 5.46E+04 11.46 1.87E+05 - N 

329 P 3 O-Acetylcarnitine C9H17NO4 203.115759 Beta Oxidation of Very Long Chain Fatty Acids 16.3 2.18E+07 11.52 1.80E+08 7.44 2.87E+07 

330 N 4 fructose C6H12O6 180.06339 
Starch and Sucrose Metabolism; Galactose 
Metabolism 

13.7 4.97E+05 13.84 1.04E+06 - N 

331 P 4 fructose C6H12O6 180.06339 
Starch and Sucrose Metabolism; Galactose 
Metabolism 

- N - N - N 

332 N 4 fructose 6 phosphate C6H13O9P 260.029722 Glycolysis; Gluconeogenesis 16.56 1.06E+07 16.81 2.46E+06 5.41 1.03E+07 

333 P 4 fructose 6 phosphate C6H13O9P 260.029722 Glycolysis; Gluconeogenesis 16.5 4.72E+05 16.85 3.49E+04 5.4 1.93E+05 

334 N 4 Octopamine C8H11NO2 153.078979 no - N 20.47 6.91E+04 - N 

335 P 4 Octopamine C8H11NO2 153.078979 no 18.57 1.16E+07 20.51 1.01E+07 6.34 1.21E+07 

336 N 4 Tryptophanol C10H11NO 161.084064 Tryptophan Metabolism - N 6.19 2.75E+05 - N 

337 P 4 Tryptophanol C10H11NO 161.084064 Tryptophan Metabolism 6.26 2.56E+06 5.74 7.75E+05 21.76 8.20E+06 
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338 N 4 GMP C10H14N5O8P 363.058002 Purine/Glutamate Metabolism 17.77 5.70E+06 17.52 2.99E+06 6.22 1.32E+07 

339 P 4 GMP C10H14N5O8P 363.058002 Purine/Glutamate Metabolism 17.66 8.57E+05 17.51 4.41E+05 6.23 1.16E+06 

340 N 4 5-methylcytidine C10H15N3O5 257.101172 Cancer 20.41 3.81E+06 11.05 4.29E+06 6.4 3.49E+06 

341 P 4 5-methylcytidine C10H15N3O5 257.101172 Cancer 20.4 8.44E+06 11.04 1.73E+07 6.41 6.73E+06 

342 N 4 GDP C10H15N5O11P2 443.024334   - N 18.81 4.44E+05 - N 

343 P 4 GDP C10H15N5O11P2 443.024334   - N 18.8 5.29E+04 - N 

344 N 4 ATP C10H16N5O13P3 506.995751 Citric Acid Cycle; Gluconeogenesis - N 17.53 1.25E+05 - N 

345 P 4 ATP C10H16N5O13P3 506.995751 Citric Acid Cycle; Gluconeogenesis - N 17.63 4.13E+03 - N 

346 N 4 L-Glutathione oxidized C20H32N6O12S2 612.151966 
Glutamate Metabolism; Glutathione 
Metabolism 

22.6 3.77E+06 18.28 1.70E+06 6.49 4.89E+06 

347 P 4 L-Glutathione oxidized C20H32N6O12S2 612.151966 
Glutamate Metabolism; Glutathione 
Metabolism 

22.58 3.80E+05 18.26 2.74E+05 6.52 3.43E+05 

348 N 4 L-Tryptophan C11H12N2O2 204.089878 
Tryptophan Metabolism; 
Transcription/Translation 

14.15 1.44E+05 12.15 6.69E+06 14.26 1.01E+07 

349 P 4 L-Tryptophan C11H12N2O2 204.089878 
Tryptophan Metabolism; 
Transcription/Translation 

14.21 1.17E+07 12.18 1.49E+07 14.24 3.79E+07 

350 N 4 5'-Methylthioadenosine C11H15N5O3S 297.089561 
Methionine Metabolism; Spermidine and 
Spermine Biosynthesis 

12.15 4.51E+05 7.71 4.62E+06 13.25 1.17E+06 

351 P 4 5'-Methylthioadenosine C11H15N5O3S 297.089561 
Methionine Metabolism; Spermidine and 
Spermine Biosynthesis 

12.18 1.45E+07 7.72 1.05E+07 13.28 2.38E+07 

352 P 4 7-Methylguanosine(+) C11H16N5O5 298.115145   19.95 4.89E+06 13.83 2.81E+07 7.5 1.40E+07 

353 N 4 Thiamine (+) C12H17N4OS 265.112307 Thiamine Metabolism - N - N - N 

354 P 4 Thiamine (+) C12H17N4OS 265.112307 Thiamine Metabolism 33.61 9.36E+06 21 1.16E+07 5.31 2.41E+07 

355 N 4 Melatonin C13H16N2O2 232.121178 Tryptophan Metabolism 6.34 1.97E+04 4.94 4.81E+06 20.47 1.05E+06 

356 P 4 Melatonin C13H16N2O2 232.121178 Tryptophan Metabolism 6.28 1.53E+07 4.91 4.30E+07 20.48 3.44E+07 

357 N 4 S-Adenosyl-L-homocysteine C14H20N6O5S 384.12159 Betaine Metabolism; Methionine Metabolism 23.39 9.18E+05 14.15 1.08E+06 6.33 2.37E+06 
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358 P 4 S-Adenosyl-L-homocysteine C14H20N6O5S 384.12159 Betaine Metabolism; Methionine Metabolism 23.29 2.12E+05 14.19 8.79E+05 6.32 6.70E+05 

359 N 4 NAD+ C21H27N7O14P2 663.109127 Ammonia Recycling; Glycolysis 21.43 4.74E+05 14.86 6.07E+05 6.19 9.90E+05 

360 P 4 NAD+ C21H27N7O14P2 663.109127 Ammonia Recycling; Glycolysis 21.72 7.16E+04 14.93 2.71E+05 6.18 3.98E+05 

361 N 4 Cholate C24H40O5 408.287575 Bile Acid Biosynthesis 6.27 3.07E+06 5.01 2.31E+07 24.61 8.84E+06 

362 P 4 Cholate C24H40O5 408.287575 Bile Acid Biosynthesis 6.28 6.15E+05 - N 24.63 2.25E+06 

363 N 4 taurocholate C26H45NO7S 515.291675 Bile Acid Biosynthesis 8.16 4.10E+07 7.69 4.45E+07 20.25 4.19E+07 

364 P 4 taurocholate C26H45NO7S 515.291675 Bile Acid Biosynthesis 8.15 1.14E+06 4.93 1.08E+05 20.24 9.61E+05 

365 N 4 Ethanolamine phosphate C2H8NO4P 141.019096 Sphingolipid Metabolism 20.23 1.11E+07 16.65 2.51E+06 5.32 1.11E+07 

366 P 4 Ethanolamine phosphate C2H8NO4P 141.019096 Sphingolipid Metabolism 20.22 3.67E+06 16.69 8.47E+05 5.33 5.12E+06 

367 N 4 Phosphocreatine C4H10N3O5P 211.035809 Arginine and Proline Metabolism 16.33 4.09E+05 16.02 7.24E+05 5.7 1.79E+05 

368 P 4 Phosphocreatine C4H10N3O5P 211.035809 Arginine and Proline Metabolism 16.41 1.14E+05 16.01 2.52E+05 5.71 1.17E+05 

369 N 4 (R)-Malate C4H6O5 134.021525 no 10.76 1.21E+07 16.97 2.75E+07 6.55 7.66E+06 

370 P 4 (R)-Malate C4H6O5 134.021525 no - N - N - N 

371 P 4 L-Homoserine Lactone C4H7NO2 101.047679   20.67 1.77E+06 7.7 2.31E+05 5.49 1.74E+06 

372 N 4 2-Hydroxybutanoic acid C4H8O3 104.047345 no 6.89 8.79E+06 8.71 7.45E+06 10.52 1.83E+07 

373 P 4 2-Hydroxybutanoic acid C4H8O3 104.047345 no - N - N - N 

374 N 4 L-Homocysteine C4H9NO2S 135.0354 
Methionine Metabolism; Glycine and Serine 
Metabolism 

16.04 9.63E+05 13.66 2.11E+05 6.62 3.54E+05 

375 P 4 L-Homocysteine C4H9NO2S 135.0354 
Methionine Metabolism; Glycine and Serine 
Metabolism 

16.07 3.68E+06 13.62 4.97E+05 6.59 8.83E+05 

376 N 4 Urate C5H4N4O3 168.028341 Purine Metabolism 12.51 2.13E+06 - N 7.45 2.77E+05 

377 P 4 Urate C5H4N4O3 168.028341 Purine Metabolism 12.52 3.18E+04 - N - N 

378 N 4 Guanine C5H5N5O 151.04941 Purine Metabolism 16.2 2.09E+06 12.77 7.00E+05 6.24 7.45E+05 
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379 P 4 Guanine C5H5N5O 151.04941 Purine Metabolism 16.19 2.39E+06 12.79 1.49E+06 6.23 3.07E+06 

380 N 4 D-Galactono-1,4-lactone C6H10O6 178.04774 no 10.76 2.62E+07 10.77 3.77E+06 6.17 1.30E+07 

381 P 4 D-Galactono-1,4-lactone C6H10O6 178.04774 no 10.82 1.62E+04 - N 6.16 2.60E+05 

382 N 4 D-Gluconic acid C6H12O7 196.058305 no 18.54 5.32E+06 14.86 8.34E+06 5.59 1.32E+07 

383 P 4 D-Gluconic acid C6H12O7 196.058305 no - N - N 5.62 5.75E+04 

384 N 4 L-Citrulline C6H13N3O3 175.095692 
Arginine and Proline Metabolism;Aspartate 
Metabolism 

20.14 1.47E+07 16.44 6.39E+06 5.52 6.69E+06 

385 P 4 L-Citrulline C6H13N3O3 175.095692 
Arginine and Proline Metabolism;Aspartate 
Metabolism 

20.13 1.65E+07 16.47 1.44E+07 5.53 7.10E+06 

386 N 4 L-Lysine C6H14N2O2 146.105528 Lysine Degradation; Biotin Metabolism 28.98 2.15E+05 25.03 6.49E+05 4.98 2.86E+05 

387 P 4 L-Lysine C6H14N2O2 146.105528 Lysine Degradation; Biotin Metabolism 28.97 6.34E+06 25.07 1.77E+06 5.02 1.26E+07 

388 N 4 beta-D-Fructose-1,6-bisphosphate C6H14O12P2 339.996054 no 42.97 7.80E+04 19.36 7.07E+04 8.03 2.25E+05 

389 P 4 beta-D-Fructose-1,6-bisphosphate C6H14O12P2 339.996054 no - N - N - N 

390 N 4 Triethanolamine C6H15NO3 149.105194 no - N 9.92 9.91E+04 - N 

391 P 4 Triethanolamine C6H15NO3 149.105194 no 20.86 3.27E+07 9.86 1.48E+08 5.44 3.56E+07 

392 N 4 Nicotinamide C6H6N2O 122.048013 Nicotinate and Nicotinamide Metabolism - N 7.73 3.51E+06 - N 

393 P 4 Nicotinamide C6H6N2O 122.048013 Nicotinate and Nicotinamide Metabolism 10.66 3.63E+07 7.76 1.17E+07 7.26 6.32E+06 

394 N 4 Cis-Aconitate C6H6O6 174.01644 Citric Acid Cycle 8.23 4.69E+06 20.08 6.62E+05 10.43 6.04E+05 

395 P 4 Cis-Aconitate C6H6O6 174.01644 Citric Acid Cycle - N - N - N 

396 N 4 N-Acetylglutamine C7H12N2O4 188.079708 no 9.59 3.56E+07 10.79 1.55E+07 6.49 1.95E+07 

397 P 4 N-Acetylglutamine C7H12N2O4 188.079708 no 9.63 1.17E+07 10.89 2.36E+07 6.45 3.57E+06 

398 N 4 Cystathionine C7H14N2O4S 222.067429 
Glycine and Serine Metabolism; Methionine 
Metabolism  

23.93 1.13E+06 17.74 4.06E+05 5.25 1.17E+06 
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399 P 4 Cystathionine C7H14N2O4S 222.067429 
Glycine and Serine Metabolism; Methionine 
Metabolism  

23.92 3.22E+05 17.76 1.56E+05 5.26 6.02E+05 

400 N 4 AcetylCholine C7H15NO2 145.110279 Phospholipid Biosynthesis - N - N - N 

401 P 4 AcetylCholine C7H15NO2 145.110279 Phospholipid Biosynthesis 16.19 4.50E+06 15.33 3.16E+06 6.32 4.94E+06 

402 N 4 methyl-L-lysine C7H16N2O2 160.121178 no 28.41 3.35E+05 23.86 1.85E+06 5.03 1.93E+05 

403 P 4 methyl-L-lysine C7H16N2O2 160.121178 no 28.33 1.06E+07 23.87 1.34E+07 5.04 1.82E+07 

404 N 4 Spermidine C7H19N3 145.157897 
Methionine Metabolism; Spermidine and 
Spermine Biosynthesis 

- N - N - N 

405 P 4 Spermidine C7H19N3 145.157897 
Methionine Metabolism; Spermidine and 
Spermine Biosynthesis 

- N 15.65 8.93E+04 4.32 1.41E+07 

406 N 4 Gallate C7H6O5 170.021525 no 9.66 2.95E+07 18.86 7.81E+06 11.53 3.11E+07 

407 N 4 2-(4-Hydroxyphenyl) ethanol C8H10O2 138.06808 no - N 6.24 3.56E+05 - N 

408 P 4 2-(4-Hydroxyphenyl) ethanol C8H10O2 138.06808 no - N - N - N 

409 N 4 1-Phenylethylamine C8H11N 121.089149 no - N - N - N 

410 P 4 1-Phenylethylamine C8H11N 121.089149 no 13.89 3.08E+07 21.14 2.31E+07 13.73 8.35E+07 

411 N 4 L-Noradrenaline C8H11NO3 169.073894 
Catecholamine Biosynthesis; Tyrosine 
Metabolism 

22.32 7.00E+06 24.96 7.27E+05 6.08 3.19E+06 

412 P 4 L-Noradrenaline C8H11NO3 169.073894 
Catecholamine Biosynthesis; Tyrosine 
Metabolism 

22.47 2.11E+06 24.7 1.29E+06 6.05 1.51E+07 

413 N 4 N-Acetyl-D-glucosamine 6-phosphate C8H16NO9P 301.056271 
Glutamate Metabolism; Amino Sugar 
Metabolism 

15.45 6.67E+06 15.97 2.65E+06 5.48 4.65E+06 

414 P 4 N-Acetyl-D-glucosamine 6-phosphate C8H16NO9P 301.056271 
Glutamate Metabolism; Amino Sugar 
Metabolism 

15.39 3.77E+05 16.01 1.63E+05 5.58 3.00E+05 

415 N 4 Dimethyl-L-lysine C8H18N2O2 174.136828   28.55 9.01E+04 21.93 1.14E+06 - N 

416 P 4 Dimethyl-L-lysine C8H18N2O2 174.136828   28.54 1.24E+07 21.92 2.58E+07 5.17 1.84E+07 

417 N 4 4-Hydroxyphenylacetate C8H8O3 152.047345 Tyrosine Metabolism 6.46 2.11E+06 9.76 5.52E+06 17.3 2.70E+07 

418 P 4 4-Hydroxyphenylacetate C8H8O3 152.047345 Tyrosine Metabolism - N - N - N 
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419 N 4 Homogentisate C8H8O4 168.04226 
Phenylalanine and Tyrosine Metabolism; 
Tyrosine Metabolism 

8.23 2.48E+07 9.81 2.95E+07 13 3.00E+07 

420 P 4 Homogentisate C8H8O4 168.04226 
Phenylalanine and Tyrosine Metabolism; 
Tyrosine Metabolism 

- N - N - N 

421 N 4 L-Phenylalanine C9H11NO2 165.078979 
Transcription/Translation; Phenylalanine and 
Tyrosine Metabolism 

13.74 4.00E+04 10.75 6.42E+06 12.02 8.90E+05 

422 P 4 L-Phenylalanine C9H11NO2 165.078979 
Transcription/Translation; Phenylalanine and 
Tyrosine Metabolism 

13.66 1.85E+07 10.74 2.70E+07 11.94 2.95E+07 

423 N 4 L-Tyrosine C9H11NO3 181.073894 
Tyrosine Metabolism; Phenylalanine and 
Tyrosine Metabolism 

15.77 5.38E+06 13.54 1.29E+07 7.51 9.78E+06 

424 P 4 L-Tyrosine C9H11NO3 181.073894 
Tyrosine Metabolism; Phenylalanine and 
Tyrosine Metabolism 

15.8 2.42E+07 13.55 1.48E+07 7.5 4.55E+07 

425 N 4 Dihydrobiopterin C9H13N5O3 239.10184 
Pterine Biosynthesis; Catecholamine 
Biosynthesis 

14.68 8.87E+04 12.98 5.49E+05 6.8 1.56E+05 

426 P 4 Dihydrobiopterin C9H13N5O3 239.10184 
Pterine Biosynthesis; Catecholamine 
Biosynthesis 

14.53 2.82E+05 12.97 2.82E+06 7.46 1.32E+05 

427 N 4 Phenylephrine C9H13NO2 167.094629 no - N - N - N 

428 P 4 Phenylephrine C9H13NO2 167.094629 no - N 14.88 2.49E+04 11.09 7.95E+04 

429 N 4 L-Adrenaline C9H13NO3 183.089544 
Tyrosine Metabolism; Catecholamine 
Biosynthesis 

20.39 3.09E+06 25.51 7.91E+05 6.31 1.05E+07 

430 P 4 L-Adrenaline C9H13NO3 183.089544 
Tyrosine Metabolism; Catecholamine 
Biosynthesis 

20.36 6.49E+06 25.55 9.69E+06 6.3 3.08E+07 

431 N 4 UDP C9H14N2O12P2 404.002202 Pyrimidine Metabolism; Lactose Synthesis 26.02 4.61E+04 17.38 7.13E+05 - N 

432 P 4 UDP C9H14N2O12P2 404.002202 Pyrimidine Metabolism; Lactose Synthesis - N 17.23 1.07E+04 - N 

433 N 4 CMP C9H14N3O8P 323.051854 
Pyrimidine Metabolism; Phosphatidylinositol 
Phosphate Metabolism 

20.51 6.50E+06 16.63 2.31E+06 5.79 8.61E+06 

434 P 4 CMP C9H14N3O8P 323.051854 
Pyrimidine Metabolism; Phosphatidylinositol 
Phosphate Metabolism 

20.49 1.01E+06 16.67 2.83E+05 5.78 1.81E+06 

435 N 4 L-Carnosine C9H14N4O3 226.106591 
Beta-Alanine Metabolism; Histidine 
Metabolism 

30.67 1.13E+07 16.29 4.56E+06 4.98 9.83E+06 
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436 P 4 L-Carnosine C9H14N4O3 226.106591 
Beta-Alanine Metabolism; Histidine 
Metabolism 

30.64 3.93E+06 16.28 5.17E+06 5.04 3.84E+06 

437 N 4 Diethyl 2-oxoglutarate C9H14O5 202.084125   - N 4.34 4.31E+06 - N 

438 P 4 Diethyl 2-oxoglutarate C9H14O5 202.084125   5.96 1.72E+05 4.33 5.05E+05 23.89 2.01E+05 

439 N 4 UTP C9H15N2O15P3 483.968534 
Pyrimidine Metabolism; Amino Sugar 
Metabolism 

- N 18.72 3.63E+05 - N 

440 P 4 UTP C9H15N2O15P3 483.968534 
Pyrimidine Metabolism; Amino Sugar 
Metabolism 

- N 18.8 1.23E+03 - N 
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Table 3-S1: Details of the urine samples for LC-MS running order. 

Sample 

Number 
Sample Name Notes 

01 P-1 
Pooled-1 =50ul from each sample 

of 12 samples of LMS group) 

02 Std. Mix1 Standard Mixture 

03 Std. Mix2 Standard Mixture 

04 LMS 2D3 VO2max of LM = 53.4 

05 LMS 1D1  

06 LMS 1D3  

07 LMS 2D1  

08 LMS 5D2  

09 LMS 3D1  

10 LMS 4D2  

11 LMS 4D1  

12 LMS 3D2  

13 LMS 5D1  

14 LMS 2D2  

15 LMS 1D2  

42 P-2 
Pooled-2 =50ul from each sample 

of 12 samples of LMS group) 

16 GSS 2D3 VO2max of GS = 48.3 

17 GSS 1D1  

18 GSS 1D3  

19 GSS 2D1  

20 GSS 5D2  

21 GSS 3D1  

22 GSS 4D2  

23 GSS 4D1  

24 GSS 3D2  

25 GSS 5D1  

26 GSS 2D2  

27 GSS 1D2  

28 P-3 
Pooled-3 =50ul from each sample 

of 12 samples of MWS group) 

29 MWS 2D3 VO2max of MW = 43 

30 MWS 1D1  

31 MWS 1D3  
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32 MWS 2D1  

33 MWS 5D2  

34 MWS 3D1  

35 MWS 4D2  

36 MWS 4D1  

37 MWS 3D2  

38 MWS 5D1  

39 MWS 2D2  

40 MWS 1D2  

41 P-4 
Pooled-2 (1)= 50ul of each sample 

from 12 samples of DMS group) 

43 DMS 2D3 VO2max of DM = 38.2 

44 DMS 1D1  

45 DMS 1D3  

46 DMS 2D1  

47 DMS 5D2  

48 DMS 3D1  

49 DMS 4D2  

50 DMS 4D1  

51 DMS 3D2  

52 DMS 5D1  

53 DMS 2D2  

54 DMS 1D2  

55 P-5 
Pooled-5= 50ul of each sample 

from 12 samples of CMS group) 

56 Std. Mix3 Standard Mixture 

57 CMS 2D3 VO2max of CM = 40.7 

58 CMS 1D1  

59 CMS 1D3  

60 CMS 2D1  

61 CMS 5D2  

62 CMS 3D1  

63 CMS 4D2  

64 CMS 4D1  

65 CMS 3D2  

66 CMS 5D1  

67 CMS 2D2  

68 CMS 1D2  
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69 P-6 
Pooled-6 = 50ul of each sample 

from 11 samples of MCS group) 

70 MCS 2D3 VO2max of MC = 33.5 

71 MCS 1D1  

72 MCS 1D3  

73 MCS 2D1  

74 MCS 5D2  

75 MCS 3D1  

76 MCS 4D2  

77 MCS 4D1  

78 MCS 3D2  

79 MCS 5D1  

80 MCS 2D2  

81 MCS 1D2  

82 P-7 
Pooled-7= 50ul of each sample 

from 12 samples of JWS group 

83 JWS 2D3 VO2max of JW = 41.7 

84 JWS 1D1  

85 JWS 1D3  

86 JWS 2D1  

87 JWS 5D2  

88 JWS 3D1  

89 JWS 4D2  

90 JWS 4D1  

91 JWS 3D2  

92 JWS 5D1  

93 JWS 2D2  

94 JWS 1D2  

95 Std. Mix4 Standard Mixture 

96 P- 8 
Pooled- 8= 50ul of each sample 

from 12 sample of CES group 

97 CES 2D3 VO2max of = 40 

98 CES 1D1  

99 CES 1D3  

100 CES 2D1  

101 CES 5D2  

102 CES 3D1  

103 CES 4D2  

104 CES 4D1  
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105 CES 3D2  

106 CES 5D1  

107 CES 2D2  

108 CES 1D2  

109 P-9 
Pooled- 9= 50ul of each sample 

from 12 sample of MBS group 

110 MBS 2D3 VO2max of MB = 40.4 

111 MBS 1D1  

112 MBS 1D3  

113 MBS 2D1  

114 MBS 5D2  

115 MBS 3D1  

116 MBS 4D2  

117 MBS 4D1  

118 MBS 3D2  

119 MBS 5D1  

120 MBS 2D2  

121 MBS 1D2  

122 P-10 
Pooled- 10= 50ul of each sample 

from 12 sample of NSS group 

123 NSS 2D3 VO2max of NS = 47.9 

124 NSS 1D1  

125 NSS 1D3  

126 NSS 3D1  

127 NSS 5D2  

128 NSS 3D2  

129 NSS 4D2  

130 NSS 4D1  

131 NSS 5D1  

132 NSS 2D2  

133 NSS 1D2  
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Table 3-S2: Metabolites with the highest correlation to the OPLSDA model for D2S3 vs 

D2S1. Metabolites with positive p (corr) values associate with D2S1 and metabolites with 

negative p (corr) values associate with D2S3. 

m/z RT 
Molecular 
Formula 

Metabolite 
p-Value 
D2S3-D2S1 

Ratio 
D2S3/
D2S1 

p(corr) 

904.183 14.7 C22H28F2O5  Flumethasone  0.00001  0.24  0.89 

583.312 10.3 C30H48O11  Cholicacid glucuronide 0.00009 0.27 0.63 

407.164 15.2 C22H29O5Cl  Beclomethasone 0.00012 0.20 0.68 

331.09 10.9 C13H21N2O4PS  Butamifos 0.00015 0.48 0.78 

173.092 13.3 C7H12N2O3 Glycylproline 0.00015 0.54 0.75 

477.147 12.8 C17H26N4O12 Glu-Thr-Asp-Asp 0.00026 0.42 0.72 

291.15 10.2 C19H20N2O 16-Epivellosimine 0.00029 0.33 0.61 

461.225 9.8 C19H34N4O9 Glu-Leu-Thr-Thr 0.00035 0.24 0.67 

233.068 11.9 C9H14O7 trihomocitrate 0.00038 0.51 0.71 

471.218 9.1 C30H32O5 [Fv]Euchrenonea14 0.00049 0.26 0.81 

173.073 12.4 C10H10N2O Indole-3-acetamide 0.00058 0.61 0.70 

375.152 4.0 C26H20N2O XE991 0.00073 0.10 0.65 

407.281 6.6 C24H40O5  

[ST trihydrox] 
3Alpha,7Alpha,12Alpha-
trihydroxy-5Beta-
cholan-24-oic acid 

0.00079 0.34 0.74 

118.051 12.0 C4H9NO3 L-Threonine 0.00079 0.64 0.71 

281.114 11.9 C13H18N2O5 Thr-Tyr 0.00082 0.39 0.68 

322.09 11.2 C11H21N3O4S2  Met-Ala-Cys 0.00106 0.27 0.65 

291.114 9.7 C18H16N2O2 INF271 0.00109 0.55 0.64 

220.029 11.1 C7H11NO5S 
S-(3-oxo-3-carboxy-n-
propyl)cysteine 

0.00111 0.21 0.63 

288.124 12.1 C16H19NO4 3'-Demethoxypiplartine 0.00117 0.26 0.71 

377.146 13.2 C17H22N4O6 Trp-Ser-Ser 0.00122 0.29 0.71 

302.136 12.6 C12H21N3O6 Nicotianamine 0.00122 0.47 0.67 

413.219 4.9 C21H34O8 

[FA methyl(20:2)] 
methyl 5-hydroperoxy-
6,8,9,11-bisepidioxy-
12,14-eicosadienoate 

0.00126 0.59 0.64 

216.099 11.8 C8H15N3O4 N-Acetyl-L-citrulline 0.00132 0.60 0.63 

334.055 10.8 C9H14N5O7P 
Dihydroneopterin 
phosphate 

0.00146 0.39 0.64 

172.097 10.9 C8H13NO3 
N-Butyryl-L-homoserine 
lactone 

0.00147 0.60 0.67 

389.179 8.3 C25H27N2Cl Meclizine 0.00161 0.50 0.67 

148.043 14.0 C5H11NO2S L-Methionine 0.00165 0.58 0.63 

399.124 12.9 C25H20O5 

[Fv methoxy,methox] 
(S)-2,3-Dihydro-7-
methoxy-2-[2-(4-
methoxyphenyl)-5- 
benzofuranyl]-4H-1-
benzopyran-4-one 

0.00166 0.45 0.63 
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215.104 9.3 C9H16N2O4 
gamma-Glutamyl-
gamma-
aminobutyraldehyde 

0.00180 0.64 0.68 

247.129 13.4 C10H18N2O5 Glu-Val 0.00187 0.40 0.62 

583.312 11.5 C30H48O11 Cholicacidglucuronide 0.00253 0.23 0.50 

321.089 14.1 C10H18N4O6S Asn-Cys-Ser 0.00282 0.39 0.59 

421.171 12.0 C19H26N4O7 Ala-Phe-Ala-Asp 0.00373 0.31 0.54 

449.203 10.4 C21H30N4O7 Ala-Phe-Val-Asp 0.00400 0.32 0.74 

388.168 10.2 C20H24FN3O4 Balofloxacin 0.00534 0.14 0.50 

379.161 11.7 C17H24N4O6 Ala-Gln-Tyr 0.00542 0.35 0.63 

191.103 9.8 C7H14N2O4 
meso-2,6-
Diaminoheptanedioate 

0.00697 0.30 0.57 

214.028 9.7 C9H10ClNO3 3-Chlorotyrosine 0.00697 0.23 0.59 

142.051 9.6 C6H9NO3 Vinylacetylglycine 0.00755 0.56 0.67 

301.129 14.9 C15H18N4O3 Phe-His 0.00904 0.31 0.59 

254.096 14.5 C13H18ClNO2  Hydroxybupropion 0.00917 0.49 0.63 

261.144 5.6 C11H20N2O5  Glu-Leu 0.01123 0.31 0.60 

322.133 9.0 C13H23NO4S2  
S-
Glutaryldihydrolipoamid 

0.01264 0.47 0.58 

403.161 11.1 C19H24N4O6 Glu-Ala-Trp 0.01338 0.26 0.65 

258.108 15.7 C10H17N3O5 Gly-Pro-Ser 0.02019 0.25 0.50 

421.228 4.4 C20H38O7S 
1,4-Bis(2-ethylhexyl) 
sulfosuccinate 

0.02783 0.33 0.51 

218.139 6.0 C10H19NO4 O-Propanoylcarnitine 0.03150 0.36 0.45 

147.066 11.1 C6H12O4 

[FAmethyl,hydroxy(5:0)] 
3R-methyl-3,5-
dihydroxy-pentanoic 
acid 

0.03859 0.61 0.55 

297.181 4.6 C13H22N5O3 diphthamide 0.04240 0.47 0.46 

386.145 15.5 C18H21N5O5 
benzyladenine-7-N-
glucoside 

0.04767 0.34 0.57 

379.168 12.0 C22H24N2O4 Vomicine 0.05349 0.34 0.58 

469.16 4.5 C19H26N4O10 Asp-Ser-Ser-Tyr 0.09988 0.29 0.47 

434.217 7.9 C19H29N7O5 Phe-Asn-Arg 0.14187 0.38 0.51 

247.14 15.0 C9H18N4O4 N2 
N2-(D-1-Carboxyethyl)-
L-arginine 

0.00001 2.23 0.89 

178.072 10.8 C7H7N5O 6-methyl-H2-pterin 0.00007 3.94 0.90 

182.997 17.0 C4H8SO6 
hydroxybutyric acid 
sulfate 

0.00008 2.17 0.85 

250.105 10.8 C8H15N3O6 Gly-Ser-Ser 0.00010 3.43 0.87 

137.046 10.8 C5H4N4O Hypoxanthine 0.00011 3.75 0.89 

190.072 9.6 C7H13NO5 
2-amino-3,7-dideoxy-D-
threo-hept-6-ulosonate 

0.00073 1.42 0.77 

217.083 10.9 C8H14N2O5 L-Ala-L-Glu 0.00096 1.76 0.73 

240.102 9.1 C15H13NO2 
N-Hydroxy-2-
acetamidofluorene 

0.00169 3.88 0.66 

140.082 8.9 C6H9N3O L-Histidinal 0.00201 4.27 0.67 
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240.001 15.7 C6H11NO5S2 
3-Mercaptolactate-
cysteinedisulfide 

0.00246 1.53 0.68 

202.109 5.8 C9H18NO4 O-Acetylcarnitine 0.00260 1.76 0.69 

192.067 6.0 C10H11NO3 Phenylacetylglycine 0.00432 1.76 0.63 

172.097 13.5 C8H13NO3 
N-Butyryl-L-homoserine 
lactone 

0.00546 3.77 0.58 

555.245 8.8 C28H36N4O8 Asp-Leu-Phe-Tyr 0.00753 1.48 0.70 

253.093 9.2 C10H12N4O4 Deoxyinosine 0.00884 4.97 0.76 

314.234 5.6 C17H33NO4 
[FA (10:0)] O-decanoyl-
R-carnitine 

0.00975 1.56 0.65 

285.083 13.1 C10H12N4O6 Xanthosine 0.01137 2.33 0.61 

391.019 17.0 C18H17O5Br 

[Fv hydroxy,trimethox] 
3'-Bromo-6'-hydroxy-
2',4,4'-
trimethoxychalcone 

0.01425 1.79 0.57 

231.009 4.1 C3H11N3O5PS 
N-
Phosphohypotaurocyam
ine 

0.01992 1.59 0.64 

168.066 8.0 C8H9NO3 Pyridoxal 0.02063 5.50 0.54 

541.265 9.6 C24H34N10O5 His-Leu-His-His 0.02189 1.84 0.63 

269.088 11.5 C9H16O9 Inosine 0.02489 16.27 0.55 

197.046 9.8 C9H10O5 
3-(3,4-
Dihydroxyphenyl)lactate 

0.02514 1.43 0.63 

498.27 6.1 C26H35N5O5 Lys-Phe-Phe-Gly 0.03237 1.75 0.61 

132.066 14.2 C5H9NO3 hydroxyproline 0.03886 18.28 0.46 

161.038 19.7 C7H11O2Cl 
[FA (7:0)] 7-chloro-2E-
heptenoic acid 

0.04844 1.90 0.51 

221.092 6.8 C11H12N2O3 5-Hydroxy-L-tryptophan 0.05752 2.25 0.46 

450.136 4.5 C20H25N3O7S 
(1R)-Hydroxy-(2R)-
glutathionyl-1,2-
dihydronaphthalene 

0.05860 1.98 - 0.56 

198.113 16.8 C10H15NO3 L-Metanephrine 0.08210 3.00 - 0.39 

395.071 11.3 C12H20N4O7S2 Asp-Cys-Cys-Gly 0.09705 2.66 - 0.62 

420.223 4.5 C20H29N5O5 Lys-Trp-Ser 0.11143 2.04 - 0.58 

173.092 14.9 C7H12N2O3 Glycylproline 0.11562 5.58 - 0.38 

170.081 12.4 C8H11NO3 Pyridoxine 0.19003 2.05 - 0.32 
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Table 3-S 3: Metabolites with the highest correlation to the OPLSDA model for D1S3 vs 

D1S1. Metabolites with positive p (corr) values associate with D1S1 and metabolites with 

negative p(corr) values associate with D1S3. 

m/z RT 
Molecular 
Formula 

Metabolite 
p-Value 
D2S3-
D2S1 

Ratio 
D2S3/
D2S1 

p(corr) 

334.126 18.0 C12H21N3O89 
N4-(Acetyl-beta-D-
glucosaminyl)asparagine 

0.00098 19.59 0.79 

277.002 11.5 C9H10SO8 
trihydroxyphenylpropionic 
acid sulfate or isomer 

0.02027 22.15 0.84 

330.118 10.8 C14H19NO8 Dopamineglucuronide 0.02707 4.62 0.50 

379.122 5.4 C19H24O6S 

[ST methoxy,hydroxy(3:0)] 2-
methoxy-3-hydroxy-estra-
1,3,5(10)-trien-17-one 3-
sulfate 

0.01368 6.81 0.73 

409.136 8.7 C17H22N4O8 Asn-Asp-Tyr 0.05651 5.74 0.58 

319.045 4.2 C15H12O8 Dihydromyricetin 0.04583 2.89 0.67 

367.066 15.7 C10H15N4O9P 
1-(5'-Phosphoribosyl)-5-
formamido-4-
imidazolecarboxamide 

0.00296 6.45 0.74 

240.101 10.8 C15H13NO2 
N-Hydroxy-2-
acetamidofluorene 

0.00378 3.09 0.57 

346.056 11.2 C10H14N5O7P AMP 0.06766 6.58 0.56 

490.216 5.1 C19H33N5O10 Glu-Lys-Thr-Asp 0.05040 3.00 0.51 

234.077 9.5 C12H11NO4 
2-Hydroxy-6-oxo-(2'-
aminophenyl)-hexa-2,4-
dienoate 

0.00034 4.54 0.80 

597.366 5.0 C33H48N4O6 L-Urobilinogen 0.00696 6.71 0.69 

343.118 7.9 C19H18O6 
[Fv Methyl,trimethox] 3,4-
Methylenedioxy-2',4',6'-
trimethoxychalcone 

0.01677 5.06 0.63 

367.104 6.4 C17H20O9 O-Feruloylquinate 0.01823 2.41 0.70 

188.003 5.1 C6H7NO4S 
2-Pyridyl hydroxymethane 
sulfonic acid 

0.00313 2.56 0.73 

200.175 12.1 C10H21N3O Diethylcarbamazine 0.01824 4.84 0.62 

381.18 14.2 C22H24N2O4 Vomicine Vomicine 
0.0089
0 

0.60 

240.109 10.8 C9H13N5O3 Dihydrobiopterin 0.00080 2.72 0.76 

359.204 24.0 C14H26N6O5 Pro-Ser-Arg 0.00625 4.80 0.67 

302.134 16.5 C12H19N3O6 Ala-Asp-Pro 0.00152 4.57 0.80 

277.003 14.4 C9H10SO8 
trihydroxyphenylpropionic 
acid sulfate or isomer 

0.06894 3.20 0.51 

385.144 6.4 C13H24N2O11 Macrozamin 0.00710 4.28 0.72 

298.093 8.9 C13H17NO7 
aminobenzoate-&beta;-D-
glucopyranosyl ester 

0.01663 2.27 0.57 

218.049  4.5 C8H11NO4S Tyramine-O-sulfate 0.02041 2.32 0.66 
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295.087 7.8 C12H16N4O3S 5'-methylthiotubercidin 0.02420 3.72 0.39 

302.087 13.7 C12H15NO8 
4-Nitrophenol-alpha-D-
galactopyranoside 

0.00129 2.55 0.70 

261.091 4.3 C10H16N2O4S d-biotin d-sulfoxide 0.03123 1.94 0.63 

176.001 5.6 C5H5NSO4 hydroxypyridine sulfate 0.07406 2.56 0.46 

381.137 5.3 
C22H23ClN2O
2 

Loratadine 0.00094 2.69 0.73 

595.35  5.1  C33H46N4O6 L-Urobilin 0.00315 2.99 0.59 

275.092 10.9 C15H16O5 Lactucin 0.04030 1.91 0.54 

315.159 12.9 C19H22O4  
[PR] 2,3-Didehydrogibberellin 
A 

0.00014 2.12 0.74 

234.077  12.7 C12H11NO4 
2-Hydroxy-6-oxo-(2'-
aminophenyl)-hexa-2,4-
dienoate 

0.00010 2.98 0.81 

270.061 11.7  C11H13NO7 hydroxypyridine glucuronide 0.09258 2.11 0.57 

163.052 8.8 C7H11O2Cl 
[FA (7:0)] 7-chloro-2E-
heptenoic acid 

0.09062 2.00 0.51 

446.152  16.4 C16H25N5O10 Ala-Asp-Asp-Gln 0.04092 3.77 0.53 

156.077 17.2 C6H9N3O2 L-Histidine 0.00012  3.54 0.85 

161.128 23.0 C7H16N2O2 N6-Methyl-L-lysine 0.00168 2.67 0.73 

593.334 5.3 C32H48O10 Debromoaplysiatoxin 0.01163 2.41 0.53 

173.987 5.6 C5H5NSO4 hydroxypyridine sulfate 0.03154 2.07 0.65 

594.337 5.2 C26H43N9O7 Arg-Lys-Gln-Tyr 0.01468 2.29 0.50 

411.122 6.0 C20H25O7Cl Eupachlorin 0.01506 4.31 0.62 

156.077 15.8 C6H9N3O2 L-Histidine 0.00002 2.63 0.87 

327.072  13.9 C14H16O9 
2-Succinyl-5-enolpyruvyl-6-
hydroxy-3-cyclohexene-1-
carboxylate 

0.04770 2.09 0.46 

221.081 6.0 C12H12O4 2,6-Dioxo-6-phenylhexanoate 0.04714 1.97 0.56 

273.008 5.2 C10H10SO7 ferulic acid sulfate or isomer 0.21485 1.87 0.49 

154.062 15.7 C6H9N3O2 L-Histidine 0.00166 2.73 0.72 

196.026 13.5 C8H7NO5 
3-Hydroxy-2-methylpyridine-
4,5-dicarboxylate 

0.05050 2.03 0.49 

399.144 16.6 C22H22O7 Deoxypodophyllotoxin 0.00169 3.17 0.76 

168.03 7.8 C7H7NO4 L-2,3 Dihydrodipicolinate 0.02339 1.98 0.60 

214.027 14.0 C9H10ClNO3 3-Chlorotyrosine 0.00298 2.91 0.71 

156.077 19.1 C6H9N3O2 L-Histidine 0.00007 1.99 0.78 

169.051 7.9 C8H10O4 
3,4-
Dihydroxyphenylethyleneglyco
l  

0.01602 2.17 0.63 

260.053 12.7 C6H14NO8P D-Glucosamine 6-phosphate 0.00029 2.14 0.78 

154.062 17.2 C6H9N3O2 L-Histidine 0.00222 2.35 0.70 

154.063 20.4 C6H9N3O2 L-Histidine 0.00026 2.10 0.79 

207.077 4.9 C10H12N2O3 L-Kynurenine 0.01873 1.58 0.54 

217.018 4.3 C8H10SO5 phenylethylene glycol sulfate 0.02391 2.08 0.64 

309.076 5.1 C18H12O5 
[Fv Methyl(9:1)] 3',4'-
Methylenedioxy-
[2'',3'':7,8]furanoflavanone 

0.26933 2.04 0.39 
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175.119 25.3 C6H14N4O2 L-Arginine 0.02416 1.83 0.56 

180.089 17.1 C7H10N5O N1-hydroxyethyladenine 0.00002 2.11 0.82 

174.057 9.3 C10H9NO2 Indole-3-acetate 0.01749  1.79 0.54 

215.033 14.1 C5H13O7P 
2-C-Methyl-D-erythritol 4-
phosphate 

0.01439 2.71 0.62 

241.129 14.6 C10H16N4O3 Homocarnosine 0.05667 2.67 0.46 

230.997 6.9 C8H8SO6 
hydroxyphenyl acetic acid 
sulfate or isomer 

0.03176 2.29 0.59 

415.094 16.0 C15H20N4O8S 
O-Carbamoyl-
deacetylcephalosporin C 

0.01044 2.53 0.58 

234.077 16.3 C12H11NO4 
2-Hydroxy-6-oxo-(2'-
aminophenyl)-hexa-2,4-
dienoate 

0.00694 1.51 0.61 

208.062 14.3 C10H11NO4 N-Benzyloxycarbonylglycine 0.00070 1.75 0.69 

116.035 14.1 C4H7NO3 L-2-Amino-3-oxobutanoic acid 0.00273 1.51 0.67 

357.169 15.0 C21H24O5 

[Fv Trihydroxy,trimethy] 
2',4',4''-Trihydroxy-3',6'',6''- 
trimethylpyrano[2'',3'':6',5'] 
dihydrochalcone 

0.03435 2.01  0.52 

170.092 13.5  C7H11N3O2  N(pi)-Methyl-L-histidine  0.00040 1.69 0.74 

340.154 15.6 C20H21NO4 (S)-Canadine 0.00114 1.58 0.70 

114.021 14.7 C4H5NO3 Maleamate 0.02136 1.55 0.55 

285.119 14.8 C11H16N4O5 Coformycin 0.00560 2.27 0.62 

234.077 18.0 C12H11NO4 
2-Hydroxy-6-oxo-(2'-
aminophenyl)-hexa-2,4-
dienoate 

0.00615 1.69 0.63 

128.035 16.1 C5H7NO3 
L-1-Pyrroline-3-hydroxy-5-
carboxylate 

0.00398 1.47 0.60 

323.146 22.9 C12H24N2O8 
Procollagen 5-(D-
galactosyloxy)-L-lysine 

0.05039 2.99 0.53 

386.159 12.1 C21H23NO6 Polycarpine 0.00156 1.54 0.69 

180.086 17.1 C6H13NO5 D-Glucosamine 0.00479 1.61 0.61 

157.061 11.9 C6H8N2O3 4-Imidazolone-5-propanoate 0.00015 1.38 0.75 

249.149 12.5 C15H20O3  [PR] 1,2-Dihydrosantonin 0.28230 2.11 0.40 

267.138 6.8 C18H18O2 
[ST hydroxy(5:0)] 3-hydroxy-
estra-1,3,5(10),6,8-pentaen-
17-one 

0.00244 0.48 ҍ0.66 

275.151 7.4 C14H20N4O2 
N-(4-Guanidinobutyl)-4-
hydroxycinnamide 

0.00465 0.39 ҍ0.61 

287.196 4.7 C14H26N2O4 N-Acetyl-leucyl-leucine 0.00226 0.53 ҍ0.68 

450.176 6.5 C15H27N7O7S Arg-Asp-Cys-Gly 0.00170 0.51 ҍ0.71 

153.031 11.3 C6H6N2O3 Imidazol-5-yl-pyruvate 0.00346 0.46 -0.64 

174.087 15.0 C6H11N3O3 5-Guanidino-2-oxopentanoate 0.00038 0.53 ҍ0.73 

494.239 5.0 C25H35NO9 Ryanodine 0.00242 0.48 ҍ0.68 

262.136  5.7 C14H19N3S Methapyrilene 0.00094 0.56 ҍ0.72 

172.097 9.0 C8H13NO3 
N-Butyryl-L-homoserine 
lactone 

0.00021 0.50 ҍ0.74 

245.113 9.2 C10H16N2O5 Glu-Pro 0.00047 0.56 ҍ0.74 
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451.166 8.0 C20H28N4O6S Ala-Cys-Pro-Tyr  0.00380 0.39 ҍ0.63 

111.009 18.5 C5H4O3 2-Furoate 0.00253 0.48 ҍ0.64 

172.073 15.0  C6H11N3O3 5-Guanidino-2-oxopentanoate 0.00020 0.45 ҍ0.76 

500.239 4.5 C19H33N9O5S  Arg-Met-Gly-His 0.00248 0.52 ҍ0.68 

538.232 5.0 C24H35N5O7S Gln-Met-Pro-Tyr 0.00016 0.39 ҍ0.78 

237.09 8.3 C8H16N2O4S Met-Ser 0.00581 0.52 ҍ0.61 

522.197 5.6 C18H31N7O9S Glu-Asp-Cys-Arg 0.00234 0.40 ҍ0.69 

210.062 5.0 C7H7O3N5 uric acid acetonitrile adduct 0.00074 0.52 ҍ0.71 

422.203 7.8 C19H27N5O6 Phe-Gln-Gln 0.00230 0.53 ҍ0.65 

492.224 5.0 C18H33N7O7S Ala-Met-Asp-Arg 0.00130 0.50 ҍ0.70 

241.012 14.9 C6H11O8P 
D-myo-Inositol 1,2-cyclic 
phosphate 

0.00031 0.57 ҍ0.73 

434.217 7.5 C23H31NO7 Mycophenolate mofetil 0.00049 0.43 ҍ0.70 

102.066 16.8 C3H7N3O N-acetylguanidine 0.00001 0.46 ҍ0.83 

156.078 10.0 C6H10N3O2 N3-hydroxyethylcytosine 0.00034 0.52 ҍ0.74 

448.203 6.1 C17H29N5O9 Ala-Lys-Asp-Asp 0.00023 0.48 ҍ0.76 

234.134 12.9 C10H19NO5 Hydroxypropionylcarnitine 0.00219 0.52 ҍ0.66 

176.103 16.2 C6H13N3O3 L-Citrulline 0.00044 0.59 ҍ0.77 

219.134 13.7 C9H18N2O4 N2-(D-1-Carboxyethyl)-L-lysine 0.00014 0.47 ҍ0.77 

138.091 22.4 C8H11NO Tyramine 0.00118 0.53 ҍ0.70 

290.102 4.9 C15H15NO5 Acronycidine 0.00020 0.49 ҍ0.77 

336.217 6.2 C19H29NO4 Ankorine 0.00013 0.56 ҍ0.77 

189.123 13.6 C8H16N2O3 Glycyl-leucine 0.00013 0.54 ҍ0.77 

207.114 20.0 C11H14N2O2 Phenylethylmalonamide 0.00001 0.56 ҍ0.85 

374.254 7.2 C19H35NO6 Dodecanedioylcarnitine 0.00001 0.51 ҍ0.84 

173.009 18.4 C6H6O6 cis-Aconitate 0.00267 0.40 ҍ0.64 

129.019 18.5 C5H6O4 Mesaconate 0.00237 0.42 ҍ0.65 

278.198 5.2 C14H23N5O EHNA 0.00034 0.41 ҍ0.78 

146.081 9.8 C6H11NO3 
 [FA oxo,amino(6:0)] 3-oxo-5S-
amino-hexanoic acid 

0.00013 0.54 ҍ0.77 

493.208 8.0 C25H34O10 Glaucarubinone 0.00082 0.20 ҍ0.56 

288.171 4.7 C16H21N3O2 Zolmitriptan 0.00195 0.51 ҍ0.68 

203.139 14.6 C9H18N2O3 Leu-Ala 0.00016 0.58 ҍ0.79 

476.199 5.5 C18H29N5O10 Asn-Leu-Asp-Asp 0.00415 0.48 ҍ0.62 

258.11 15.2 C8H20NO6P sn-glycero-3-Phosphocholine 0.00108 0.55 ҍ0.70 

500.247 4.5 C20H33N7O8 Asp-Lys-Thr-His 0.00106 0.52 ҍ0.72 

334.203 6.2 C19H29NO4 Ankorine 0.00579 0.48 ҍ0.59 

220.029 15.6 C7H11NO5S 
S-(3-oxo-3-carboxy-n-
propyl)cysteine 

0.00138 0.53 ҍ0.70 

218.114 11.8 C8H15N3O4 N-Acetyl-L-citrulline 0.00001 0.57 ҍ0.83 

490.207 5.0 C18H31N7O7S Arg-Asp-Cys-Pro 0.00156 0.51 ҍ0.71 

178.107 16.2 C7H15NO4 validamine 0.00060 0.56 ҍ0.75 

221.092 10.7 C11H12N2O3 5-Hydroxy-L-tryptophan 0.00066 0.52 ҍ0.74 

165.075 13.4 C6H12O5 L-Rhamnose 0.00042 0.52 ҍ0.74 

233.114 10.9 C9H16N2O5 N2-Succinyl-L-ornithine 0.00196 0.52 ҍ0.64 

288.217 6.4 C15H29NO4 L-Octanoylcarnitine 0.00161 0.54 ҍ0.69 

283.129 5.5 C13H18N2O5 Thr-Tyr 0.00135 0.49 ҍ0.71 

219.081 14.9 C8H16N2O3S Met-Ala 0.00027 0.52  ҍлΦтн 
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187.108 9.8 C8H14N2O3 Ala-Pro 0.00004 0.52 ҍ0.81 

295.132 6.0 C19H18O3 
 (2-Butylbenzofuran-3-yl)(4-
hydroxyphenyl)ketone 

0.00117 0.59 ҍ0.69 

145.014 16.2 C5H6O5 2-Oxoglutarate 0.00348 0.47 ҍ0.63 

480.187 7.9 C16H29N7O8S Arg-Asp-Cys-Ser 0.00143 0.44 ҍ0.70 

220.118 13.2 C9H17NO5 Pantothenate 0.00146 0.53 ҍ0.69 

153.066 11.9 C7H8N2O2 
N1-Methyl-2-pyridone-5-
carboxamide 

0.00096 0.52 ҍ0.68 

257.113 9.6 C11H16N2O5 
1-(beta-D-Ribofuranosyl)-1,4-
dihydronicotinamide 

0.00116 0.56 ҍ0.71 

450.235 5.5 C21H31N5O6 Ala-Phe-Val-Asn 0.00007 0.45 ҍ0.78 

248.113 14.1 C10H17NO6 Linamarin  0.00032 0.51 ҍ0.75 

350.16 7.2 C18H23NO6 Riddelline 0.00378 0.52 ҍ0.64 

217.129 15.6 C8H16N4O3 N-acetyl-(L)-arginine 0.00001 0.54 0.54 

247.092 11.3 C9H14N2O6 5-6-Dihydrouridine 0.00016 0.55 ҍ0.76 

368.155 13.4 C14H25NO10 
N-Acetyl-6-O-L-fucosyl-D-
glucosamine 

0.02483 0.33 ҍ0.51 

287.148 12.1 C10H20N6O4 Asn-Arg 0.00005 0.31 ҍ0.79 

204.134 12.7 C8H17N3O3 Lys-Gly  0.00142 0.52 ҍ0.70 

118.086 14.6 C5H11NO2 L-Valine 0.00124 0.52 ҍ0.73 

403.192 5.0 C26H28O4 [Fv] Boesenbergin A 0.00029 0.51 ҍ0.73 

245.15 8.8 C11H20N2O4 N-hexenoylglutamine 0.00007 0.48 ҍ0.83 

464.192 5.4 C16H29N7O7S Ala-Asp-Cys-Arg 0.00097 0.48 ҍ0.73 

386.255 8.3 C21H31N5O2 Buspirone 0.00015 0.41 ҍ0.75 

310.113 14.2 C11H19NO9 N-Acetylneuraminate 0.00006 0.58 ҍ0.78 

163.108 9.8 C6H14N2O3 N6-Hydroxy-L-lysine 0.00004 0.44 ҍ0.83 

346.124 14.8 C15H24NO4PS Isofenphos 0.00081 0.53 ҍ0.71 

288.171 8.8 C16H21N3O2 Zolmitriptan 0.00010 0.46 ҍ0.76 

313.062 11.2 C10H20O7P2 [PR] Geranyl pyrophosphate 0.00019 0.33 ҍ0.74 

288.125 12.0 C16H19NO4 3'-Demethoxypiplartine 0.00067 0.27 ҍ0.64 

167.021 13.5 C5H4N4O3 Urate 0.00019 0.53 ҍ0.76 

379.163 9.3 C17H24N4O6 Ala-Gln-Tyr 0.00302 0.48 ҍ0.64 

253.143 5.2 C14H20O4 ubiquinol-1 0.00007 0.53 ҍ0.79 

253.123 7.7 C17H16O2 cis-Hinokiresinol 0.00448 0.41 ҍ0.64 

417.211 7.2 C16H30N6O7 Ala-Lys-Asn-Ser 0.00094 0.40 ҍ0.70 

341.101 14.6 C19H16O6 Psorospermin 0.00568 0.44 ҍ0.60 

175.072 12.4 C6H12N2O4 Ala-Ser 0.00056 0.54 ҍ0.71 

431.177 4.0 C17H26N4O9 Glu-Ala-Asp-Pro 0.00143 0.48 ҍ0.70 

384.274 5.7 C21H37NO5 
3-Hydroxy-5, 8-
tetradecadiencarnitine 

0.00018 0.50 ҍ0.76 

326.087 11.1 C14H15NO8 Pancratistatin 0.00045 0.52 ҍ0.74 

230.116 13.4 C9H16N5Cl Propazine 0.00007 0.45 ҍ0.79 

402.285 6.4 C21H39NO6  [SP] Myriocin 0.00046 0.47 ҍ0.74 

175.108 9.3 C7H14N2O3 N-Acetylornithine 0.00016 0.57 ҍ0.77 

131.118 20.5 C6H14N2O N-Acetylputrescine 0.00331 0.55 ҍ0.66 

120.066 12.0 C4H9NO3 L-Threonine 0.00009 0.42 ҍ0.80 
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327.139 14.2 C20H19FO3 
2,2,4-Trimethyl-3-(4-
fluorophenyl)-2H-1-
benzopyran-7-ol acetate 

0.00007 0.55 ҍ0.78 

205.035 17.8 C7H10O7 
2-Hydroxybutane-1,2,4-
tricarboxylate 

0.00138 0.49 ҍ0.73 

487.256 8.1 C25H36N4O6 Ile-Pro-Pro-Ty 0.00153 0.25 ҍ0.68 

389.182 8.6 C19H26N4O5 
Phe-Gln-Pro 
 

0.00025 0.42 ҍ0.74 

227.127 22.4 C12H18O4 

[FA oxo,hydroxy(5:1/5:0)] 
(1S,2R)-3-oxo-2-(5'-hydroxy-
2'Z-pentenyl)- 
cyclopentaneacetic acid 

0.00840 0.53 ҍ0.60 

336.158 7.7 C13H25N3O5S Leu-Thr-Cys 0.00430 0.55 ҍ0.63 

274.092 14.1 C12H19NO2S2 Brugine 0.00003 0.48 ҍ0.80 

216.099 11.8 C8H15N3O4 N-Acetyl-L-citrulline 0.00501 0.55 ҍ0.62 

431.197 7.5 C18H32N4O6S Cys-Leu-Thr-Pro 0.00444 0.47 ҍ0.62 

290.089 10.2 C11H17NO8 
2,7-Anhydro-alpha-N-
acetylneuraminic acid 

0.01615 0.41 ҍ0.59 

157.992 7.5 C5H5NO3S 3 3-pyridinesulfonate 0.01051 0.42 ҍ0.56 

472.25 4.3 C19H33N7O7 Asn-Lys-Asn-Pro 0.00001 0.45 ҍ0.83 

235.092 12.8 C8H14N2O6 Glu-Ser 0.00007 0.52 ҍ0.80 

166.05 5.1 C8H7NO3 Formylanthranilate 0.00117 0.57 ҍ0.69 

260.089 15.6 C9H15N3O6 Ala-Asp-Gly 0.01361 0.44 ҍ0.60 

330.19 5.0 C16H27NO6 Europine 0.00011 0.49 ҍ0.77 

259.092 13.7 C10H14N2O6 (1-Ribosylimidazole)-4-acetate 0.00006 0.49 ҍ0.80 

494.193 5.7 C18H31N5O9S Asp-Met-Thr-Gln 0.00334 0.20 ҍ0.71 

231.17 13.7 C11H22N2O3 Leu-Val 0.00024 0.46 ҍ0.77 

344.182 5.0 C15H25N3O6 Leu-Asp-Pro 0.00001 0.43 ҍ0.83 

247.132 8.4 C15H18O3  [PR] alpha-Santonin 0.00003 0.46 ҍ0.80 

282.12 13.9 C11H15N5O4 1-Methyladenosine 0.00042 0.52 ҍ0.77 

420.189 5.1 C19H25N5O6 Thr-Trp-Asn 0.00007 0.44 ҍ0.81 

272.172 5.3 C11H21N5O3 Pro-Arg 0.00012 0.41 ҍ0.78 

164.074 13.3 C6H13NO2S S-Methyl-L-methionine 0.00105 0.49 ҍ0.72 

290.088 12.5 C11H17NO8 
2,7-Anhydro-alpha-N-
acetylneuraminic acid 

0.00080 0.50 ҍ0.69 

283.123 13.9 C20H14N2 
2,3-Diphenyl-3-(2-
pyridinyl)acrylonitrile 

0.00045 0.51 ҍ0.76 

217.118 9.3 C9H16N2O4 
gamma-Glutamyl-gamma-
aminobutyraldehyde 

0.00006 0.51 ҍ0.81 

170.092 10.4 C7H11N3O2 N(pi)-Methyl-L-histidine 0.00002 0.44 ҍ0.83 

512.287 5.0 C27H37N5O5 Ala-Lys-Phe-Phe 0.00004 0.41 ҍ0.82 

360.24 5.2 C19H29N5O2 Loxtidine 0.00237 0.57 ҍ0.66 

244.154 8.8 C12H21NO4 Tiglylcarnitine 0.00004 0.43 ҍ0.82 

221.096 12.9 C8H16N2O3S Met-Ala 0.00294 0.52 ҍ0.66 

462.199 6.4 C21H27N5O7 Ala-Trp-Ala-Asp 0.00014 0.42 ҍ0.81 

312.13 9.2 C12H17N5O5 1-7-Dimethylguanosine 0.00255 0.56 ҍ0.66 

206.102 15.9 C8H15NO5 N-Acetyl-D-fucosamine 0.00054 0.45 ҍ0.75 

450.23 5.0 C16H31N7O8 Arg-Thr-Ser-Ser 0.00001 0.46 ҍ0.84 
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261.145 8.9 C11H20N2O5 Glu-Leu 0.00006 0.43 ҍ0.82 

294.1 13.8 
C14H16N3O2C
l 

Triadimefon 0.00410 0.48 ҍ0.61 

184.061 5.1 C8H9NO4 4-Pyridoxate 0.00054 0.53 ҍ0.73 

245.149 7.3 C11H20N2O4 N-hexenoylglutamine 0.00080 0.51 ҍ0.71 

232.129 10.9 C9H17N3O4 Ala-Ala-Ala 0.00077 0.46 ҍ0.70 

320.062 20.4 C11H15NO10 beta-Citryl-L-glutamic acid 0.14503 0.52 ҍ0.57 

188.057 14.9 C7H11NO5 N-Acetyl-L-glutamate 0.00005 0.40 ҍ0.78 

333.115 11.1 
C13H21N4O2C
l 

Tos-Arg-CH2Cl 0.00362 0.46 ҍ0.62 

333.105 7.8 C11H18N4O8 Asn-Asp-Ser 0.00723 0.50 ҍ0.58 

526.265 5.5 C27H35N5O6 Asn-Phe-Phe-Val 0.00549 0.53 ҍ0.62 

357.213 14.3 C16H28N4O5 Leu-Gln-Pro 0.00013 0.47 ҍ0.77 

222.09 15.7 C8H16NO4P 
D,L-
cyclohexanephosphinothricin 

0.00097 0.55 ҍ0.69 

392.155 12.5 C16H25NO10 Proacaciberin 0.00015 0.39 ҍ0.78 

234.145 9.3 C9H19N3O4 Lys-Ser 0.00008 0.45 0.45 

296.136 17.8 C12H17N5O4 N6,N6-Dimethyladenosine 0.00195 0.49 ҍ0.69 

530.333 6.3 C28H43N5O5 Ile-Leu-Trp-Val 0.00106 0.50 ҍ0.70 

192.106 17.8 C8H17NO2S trihomomethionine 0.00549 0.48 ҍ0.60 

478.192 9.8 C21H27N5O8 Ala-Trp-Asp-Ser 0.00201 0.34 ҍ0.64 

531.336 6.3 C21H42N10O6 Arg-Leu-Ser-Arg 0.00055 0.44 ҍ0.73 

400.27 6.3 C21H39NO6 [SP] Myriocin 0.00400 0.39 ҍ0.60 

790.56 3.8 C42H80NO10P PS(18:0/18:1(9Z)) 0.00432 0.53 ҍ0.63 

331.175 11.7 C16H26O7 8-Epiiridodial glucoside 0.00030 0.42 ҍ0.73 

220.12 14.1 C10H15N5O Dihydrozeatin 0.00146 0.49 ҍ0.66 

271.165 5.2 C13H22N2O4 N-octadienoylglutamine 0.00001 0.44 ҍ0.86 

229.155 10.7 C11H20N2O3 Leu-Pro 0.00017 0.48 ҍ0.79 

258.17 8.1 C13H23NO4 2-Hexenoylcarnitine 0.00175 0.49 ҍ0.68 

237.077 10.8 C12H14O5 3-4-5-Trimethoxycinnamicacid 0.00069 0.44 ҍ0.69 

288.121 13.8 C11H19N3O6 Pro-Ser-Ser 0.00010 0.30 ҍ0.72 

474.231 4.5 C18H31N7O8 Ala-Gln-Gln-Gln 0.00002 0.44 ҍ0.83 

462.233 9.2 C22H31N5O6 Ala-Phe-Gln-Pro 0.00009 0.45 ҍ0.81 

218.156 13.2 C11H23NOS Butylate 0.00029 0.51 ҍ0.75 

295.165 4.8 C13H22N5O3 diphthamide 0.00239 0.52 ҍ0.64 

217.155 13.2 C10H20N2O3 Val-Val 0.00009 0.45 ҍ0.82 

330.227 6.8 C17H31NO5 6-Keto-decanoylcarnitine 0.00003 0.45 ҍ0.83 

358.197 10.8 C16H27N3O6 Glu-Ile-Pro 0.00010 0.19 ҍ0.76 

199.083 11.2 C7H10N4O3 
5-Acetylamino-6-amino-3-
methyluracil 

0.00001 0.48 ҍ0.84 

227.103 13.6 C10H16N2O4  (S)-ATPA 0.00063 0.44 ҍ0.72 

216.087 14.2 C9H13NO5 Succinyl proline 0.00173 0.40 ҍ0.69 

220.029 11.1 C7H11NO5S 
S-(3-oxo-3-carboxy-n-
propyl)cysteine 

0.00024 0.23 ҍ0.75 

203.139 13.5 C9H18N2O3 Leu-Ala 0.00186 0.49 ҍ0.70 

261.122 15.1 C14H16N2O3 Maculosin 0.00056 0.37 ҍ0.71 

304.129 8.5 C15H17N3O4 indole-3-acetyl-glutamine 0.00098 0.49 ҍ0.71 
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233.046 11.2 C12H10O5 
2-Hydroxy-6-oxo-6-(2-
hydroxyphenyl)-hexa-2,4-
dienoate 

0.00573 0.36 ҍ0.58 

262.038 16.0 C9H11NSO6 tyrosine sulfate 0.00029 0.46 ҍ0.78 

316.212 7.2 C16H29NO5 
Butoctamide hydrogen 
succinate 

0.00007 0.43 ҍ0.81 

174.041 15.3 C6H9NO5 
[FA amino,oxo(6:0/2:0)] 2-
amino-3-oxo-hexanedioic acid 

0.00130 0.50 ҍ0.69 

261.138 12.8 C18H16N2 
N,N'-Diphenyl-p-
phenylenediamine 

0.00049 0.51 ҍ0.70 

201.16 16.3 C10H20N2O2 dimethylsuberimidate 0.00075 0.43 ҍ0.73 

303.083 17.4 C11H16N2O8 N-Acetyl-aspartyl-glutamate 0.00514 0.38 ҍ0.61 

412.168 6.4 C22H25N3O3S Ro 18-5364 0.00005 0.45 ҍ0.82 

255.097 24.5 C11H14N2O5 N-Ribosylnicotinamide 0.00083 0.46 ҍ0.74 

116.107 16.7 C6H13NO Trimethylaminoacetone 0.00110 0.43 ҍ0.71 

188.056 13.9 C7H11NO5 N-Acetyl-L-glutamate 0.00155 0.52 ҍ0.67 

266.139 8.7 C14H19NO4 
N(alpha)-Benzyloxycarbonyl-L-
leucine 

0.00026 0.42 ҍ0.77 

229.155 13.8 C11H20N2O3 Leu-Pro 0.00027 0.45 ҍ0.78 

724.528 4.0 C41H74NO7P 
PE(18:3(6Z,9Z,12Z)/P-
18:1(11Z)) 

0.00118 0.46 ҍ0.70 

279.064 16.0 C17H10O4 
[Fv Hydrox] 4-
Hydroxyfurano[2'',3'':6,7]auro
ne 

0.00028 0.44 0.44 

475.247 7.0 C30H34O5  [Fv] Poinsettifolin B 0.00006 0.52 ҍ0.79 

412.23 7.4 C17H29N7O5 Lys-Gln-His 0.00019 0.20 ҍ0.67 

289.151 10.7 C11H20N4O5 Ala-Ala-Gln 0.00005 0.37 ҍ0.82 

484.31 4.4 C26H45NO5S 
 [ST hydrox] N-(3alpha-
hydroxy-5beta-cholan-24-oyl)-
taurine 

0.00771 0.53 ҍ0.60 

242.066 19.5 C10H11NO6 
N-(2,3-Dihydroxybenzoyl)-L-
serine 

0.00005 0.20 ҍ0.82 

228.103 14.6 C14H15NO2 thyronamine 0.00226 0.45 ҍ0.66 

301.18 8.3 C19H24O3 
19-Oxoandrost-4-ene-3,17-
dione 

0.00001 0.39 ҍ0.82 

386.255 5.3 C21H31N5O2 Buspirone 0.00006 0.41 ҍ0.82 

296.091 16.0 C9H17N3O6S Cys-Ser-Ser 0.00022 0.42 ҍ0.80 

221.081 11.4 C12H14O4 
 [FA (12:4/2:0)] 2E,4E,8E,10E-
Dodecatetraenedioic acid 

0.00116 0.44 ҍ0.69 

204.052 15.0 C8H15NOS2 Lipoamide 0.00189 0.46 ҍ0.67 

421.191 5.2 C20H28N4O4S Leu-Trp-Cys 0.00013 0.30 ҍ0.86 

423.201 5.9 C22H30O8 Valtratum 0.00004 0.30 ҍ0.90 

230.186 16.2 C11H23N3O2 N1,N8-diacetylspermidine 0.00158 0.43 ҍ0.70 

402.198 15.0 C16H27N5O7 Ala-Gln-Pro-Ser 0.00014 0.24 ҍ0.75 

189.076 14.8 C8H14O5 
 (R)-3-((R)-3-
Hydroxybutanoyloxy 
butanoate 

0.00044 0.46 ҍ0.73 

321.161 8.8 C19H25O2Cl 11beta-Chloromethylestradiol 0.00007 0.38 ҍ0.82 
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506.296 4.8 C25H39N5O6 Asn-Leu-Leu-Phe 0.00008 0.32 ҍ0.81 

225.088 5.1 C10H12N2O4 3-Hydroxy-L-kynurenine 0.00001 0.36 ҍ0.85 

418.28 8.2 C21H39NO7 

[SP amino, trihydroxy, 
hydroxy, methyl, oxo(20:0)] 
2S-amino-3R,4R,5Strihydroxy- 
2-(hydroxymethyl)-14-oxo-
eicos-6E-enoic acid 

0.00001 0.31 ҍ0.84 

244.058 15.8 C8H11N3O6 6-aza-uridine 0.00037 0.16 ҍ0.76 

676.32 5.0 C33H41N9O7 Glu-Trp-Trp-Arg 0.00425 0.48 ҍ0.63 

504.282  4.6 C25H37N5O6 Gln-Leu-Phe-Pro 0.00001 0.30 ҍ0.88 

399.123 15.6 C25H20O5 

[Fv methoxy,methox] (S)-2,3-
Dihydro-7-methoxy-2-[2-(4-
methoxyphenyl)-5- 
benzofuranyl] -4H-1-
benzopyran-4-one 

0.10096 0.42 ҍ0.62 

233.124 11.9 C8H16N4O4 
(3R)-hydroxy-N-acetyl-(L)-
arginine 

0.00012 0.25 ҍ0.80 

454.256 9.1 C20H40NO8P 
 [PC (6:0/6:0)] 1,2-dihexanoyl-
sn-glycero-3-phosphocholine 

0.00237 0.21 ҍ0.72 

472.209 11.0 C17H29N9O5S Arg-Cys-Gly-His 0.00031 0.22 ҍ0.68 

290.16 13.0  C13H23NO6 3-Methylglutarylcarnitine 0.00007 0.28 ҍ0.83 

514.265 8.3 C26H35N5O6 Lys-Phe-Gly-Tyr 0.00005 0.28 ҍ0.85 

384.122 15.2 C16H21N3O6S Phe-Asp-Cys 0.00001 0.28 ҍ0.85 

330.165  7.5 C14H23N3O6 Val-Asp-Pro 0.00013 0.32 ҍ0.87 

517.321 4.6 C20H40N10O6 Arg-Val-Ser-Arg 0.00012 0.31 ҍ0.81 

516.317 4.6 C27H41N5O5 Ile-Trp-Val-Val 0.00009 0.31 ҍ0.86 

478.277 4.7 C22H35N7O5 Arg-Phe-Val-Gly 0.00014 0.30 ҍ0.82 

466.251 8.2 C19H31N9O5 Arg-Gly-Pro-His 0.00222 0.24 ҍ0.63 

376.193 13.3 C13H25N7O6 Asn-Ser-Arg 0.00139 0.18 ҍ0.70 

206.102 14.2 C8H15NO5 N-Acetyl-D-fucosamine 0.00007 0.24 ҍ0.83 

260.067 8.9 C10H14NO5P 
p-Nitrophenyl-O-ethyl 
ethylphosphonate 

0.00001 0.22 ҍ0.91 

242.066 14.1 C10H11NO6 
N-(2,3-Dihydroxybenzoyl)-L-
serine 

0.00374 0.28 ҍ0.62 

496.276 8.8 C23H37N5O7 Lys-Phe-Thr-Thr 0.00082 0.12 ҍ0.59 

398.289 6.0 C22H39NO5 

[FA trihydroxy(2:0)] N-
(9S,11R,15S-trihydroxy-
5Z,13E-prostadienoyl)-
ethanolamine 

0.00046 0.24 ҍ0.79 

424.183 14.7 C18H25N5O7 Asn-Gln-Tyr 0.00239 0.16 ҍ0.62 

506.194 5.1 C19H33N5O9S Asp-Lys-Met-Asp 0.03757 0.30 ҍ0.56 

167.038 12.6 C5H12SO4 dihydroxypentenyl sulfate 0.00001 0.30 ҍ0.78 

504.266 8.9 C21H37N5O9 Glu-Leu-Lys-Asp 0.00037 0.28 ҍ0.84 

328.161 11.0 C13H21N5O5 Thr-Ala-His 0.00036 0.26 ҍ0.62 

260.115 13.7 C11H19NO6 Lotaustralin 0.00379 0.29 ҍ0.71 

327.073 17.2 C14H16O9 
2-Succinyl-5-enolpyruvyl-6-
hydroxy-3-cyclohexene-1-
carboxylate 

0.00157 0.30 ҍ0.66 
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334.182 5.0 C22H25NO2 Lobelanine 0.02840 0.31 ҍ0.57 

257.165 5.3 C16H20N2O Chanoclavine-I 0.00100 0.23 ҍ0.72 

305.045 13.2 C18H10O5 
 [Fv Methy] 3',4'-
Methylenedioxyfurano 
[2'',3'':6,7]aurone 

0.00457 0.26 ҍ0.71 

357.083 18.8 C15H18O10 
dihydroxyphenylpropionic acid 
glucuronide 

0.00606 0.35 ҍ0.68 

320.092 12.0 C11H19N3O6S 
gamma-L-Glutamyl-L-
cysteinyl-beta-alanine 

0.00142 0.29 ҍ0.69 

490.265 5.6 C24H35N5O6 Ala-Leu-Thr-Trp 0.00036 0.23 ҍ0.76 

784.586 4.1 C44H82NO8P PC(18:2(9Z,12Z)/18:1(9Z)) 0.00384 0.31 ҍ0.65 

336.164 14.5 C14H25NO8 validoxylamine A 0.00336 0.15 ҍ0.73 

293.087 15.8 C11H18O9 Tuliposide B 0.00635 0.28 ҍ0.59 

333.076 17.3 C20H14O5 
19-Hydroxy-8-O-
methyltetrangulol 

0.00684 0.09 ҍ0.58 

283.059 21.2 C16H10O5 
[Fv Methyl,hydrox] 4,5-
Methylenedioxy-6-
hydroxyaurone 

0.01252 0.28 ҍ0.56 

554.296 5.2 C29H39N5O6 Gln-Leu-Phe-Phe 0.00302 0.25 ҍ0.77 

310.071 16.0 C17H11NO5 
N-(6-Oxo-6H-
dibenzo[b,d]pyran-3-
yl)maleamic acid 

0.00037 0.26 ҍ0.84 

328.115 12.1 C11H22NO8P 
[PC acety] 1-acetyl-2-formyl-
sn-glycero-3-phosphocholine 

0.00044 0.15 ҍ0.71 

260.078 17.6 C10H15NO7 Hymexazol O-glucoside 0.00095 0.29 ҍ0.70 

534.314 5.7 C24H39N9O5 His-Leu-Lys-His 0.00276 0.25 ҍ0.78 

281.106 13.5 C11H20O6S 
isopropyl 6-O-acetyl-&beta;-D-
thiogalactopyranoside 

0.00005 0.18 ҍ0.77 

454.139 4.1 C18H25N5O7S Asn-Cys-Gly-Tyr 0.00801 0.22 0.22 

219.061 12.5 C7H12N2O6 Asp-Ser 0.00010 0.22 ҍ0.74 

556.313 5.1 C29H41N5O6 Lys-Phe-Val-Tyr 0.00018 0.26 ҍ0.88 

788.618 4.1 C44H86NO8P 

 [PC (18:0/18:1)] 1-
octadecanoyl-2-(9Z-
octadecenoyl)-sn-glycero-3-
phosphocholine 

0.00326 0.22 ҍ0.65 

362.15 12.1 C13H25N5O5S Lys-Asn-Cys 0.00181 0.18 ҍ0.77 

167.036 12.8 C8H8O4 [PK] Orsellinic acid 0.00081 0.28 ҍ0.74 

276.017 15.9 C9H9NSO7 dihydrodopachrome sulfate 0.00364 0.16 ҍ0.56 

338.144 14.7 C13H23NO9 Streptobiosamine 0.00018 0.10 ҍ0.54 

237.079 13.7 C9H16O5S 2-(4'-methylthio)butylmalate 0.00393 0.15 0.15 

243.1 4.0 C10H16N2O5 Glu-Pro 0.06619 0.34 ҍ0.58 

501.307 4.6 C26H44O9 Mupirocin 0.00176 0.30 ҍ0.65 

309.16 7.3 C19H22N2O2 Sarpagine 0.05433 0.35 ҍ0.67 

259.098 4.3 C15H16O4 [PR] Hemigossypol 0.01189 0.31 ҍ0.65 

583.312 11.5 C30H48O11 Cholicacidglucuronide 0.00590 0.17 ҍ0.56 
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Table 4-S1: Summary of brain sample details: C=Control, D=Depression, S=Schizophrenic, 

B=Bipolar, DI=Diabetic. M=male and F=female. 

Samples 
ID 

Pathology Brain section 
Age 

(Year) 
Sex 

Year 
Of 

Collection 

B1 
Combined effects of chronic 
alcoholism and lithium use. 

Frontal convexity and 
frontal parasagittal 

57 F 2005 

B2 
Metastatic carcinoma of the 
breast. 

Frontal convexity and 
frontal parasagittal 

49 F 2010 

B3 Suspension by ligature 
Frontal convexity and 
frontal parasagittal 

41 F 2007 

B4 Hypertensive heart disease 
Frontal convexity and 
frontal parasagittal 

42 F 2006 

B5 Suspension by a ligature. 
Frontal convexity and 
frontal parasagittal 

39 F 2011 

B6 Bronchopneumonia. 
Frontal convexity and 
frontal parasagittal 

48 M 2011 

C1 
Pulmonary embolism. Deep 
vein thrombosis. 

Frontal convexity and 
frontal parasagittal 

70 M 2008 

C2 

Bilateral pulmonary 
embolism. Deep vein 
thrombosis. Combined effects 
of hypertensive heart disease 
and ischaemic heart 

Frontal convexity and 
frontal parasagittal 

22 M 2008 

C3 Ischaemic heart disease. 
Frontal convexity and 
frontal parasagittal 

50 M 2010 

C4 Sudden cardiac death. 
Frontal convexity and 
frontal parasagittal 

43 M 2010 

C5 NA 
Frontal convexity and 
frontal parasagittal 

26 M 2009 

C6 Multiple injuries 
Frontal convexity and 
frontal parasagittal 

46 M 2009 
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C7 NA 
Frontal convexity and 
frontal parasagittal 

39 M 2010 

C8 Peritonitis. Bowel infarction. 
Frontal convexity and 
frontal parasagittal 

50 F 2011 

C9 
Ischaemic heart disease. 
Coronary artery 
atherosclerosis. 

Frontal convexity and 
frontal parasagittal 

43 M 2010 

C10 NA 
Frontal convexity and 
frontal parasagittal 

38 M 2010 

C11 

Haemopericardium. Ruptured 
myocardial infarction. 
Coronary artery 
atherosclerosis. Hypertensive 

Frontal convexity and 
frontal parasagittal 

60 F 2009 

C12 
Bronchial asthma. Pulmonary 
congestion. 

Frontal parasagittal 42 F 2011 

C13 
Ischaemic heart disease. 
Coronary artery 
atherosclerosis. 

Frontal convexity and 
frontal parasagittal 

65 M 2009 

C14 

Pulmonary 
thromboembolism. Deep vein 
thrombosis. Rupture of 
Achilles tendon. 

Frontal convexity and 
frontal parasagittal 

40 M 2010 

C15 
Ischaemic heart disease. 
Coronary artery 
atherosclerosis. 

Frontal convexity and 
frontal parasagittal 

74 M 2010 

C16 

Ischaemic heart disease. 
Coronary artery thrombosis. 
Coronary artery 
atherosclerosis. 

Frontal convexity and 
frontal parasagittal 

67 M 2009 

C17 

Myocardial re-infarction. 
Previous myocardial infarcts. 
Coronary atherosclerosis. 
Hypertensive heart disease. 

Frontal convexity and 
frontal parasagittal 

48 M 2010 

C18 
Ischaemic heart disease. 
Coronary artery 
atherosclerosis. 

Frontal convexity and 
frontal parasagittal 

53 M 2006 

C19 NA 
Frontal convexity and 
frontal parasagittal 

26 M 2009 

C20 
Cardiomegaly. Ischaemic 
heart disease. 

Frontal convexity and 
frontal parasagittal 

36 M 2010 
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C21 NA 
Frontal convexity and 
frontal parasagittal 

39 M 2010 

D1 Suspension by a ligature. 
Frontal convexity and 
frontal parasagittal 

53 M 2008 

D2 Acute pulmonary oedema. 
Frontal convexity and 
frontal parasagittal 

24 M 2005 

D3 Suspension by ligature 
Frontal convexity and 
frontal parasagittal 

24 F 2008 

D4 
Pulmonary embolism. Deep 
vein thrombosis. 

Frontal convexity and 
frontal parasagittal 

74 M 2011 

D5 Suspension by a ligature. 
Frontal convexity and 
frontal parasagittal 

20 F 2008 

D6 Suspension by a ligature. 
Frontal convexity and 
frontal parasagittal 

32 M 2009 

D7 
Pulmonary 
thromboembolism. 

Frontal convexity and 
frontal parasagittal 

57 F 2008 

DI1 
Diabetic ketoacidosis and 
morphine toxicity. Ischaemic 
heart disease. 

Frontal convexity and 
frontal parasagittal 

65 M 2010 

DI2 

Ischaemic heart disease. 
Coronary artery 
atherosclerosis. Diabetes 
mellitus. 

Frontal convexity and 
frontal parasagittal 

46 M 2008 

DI3 
Ischaemic & hypertensive 
heart disease. Type 1 
diabetes. Liver cirrhosis. 

Frontal convexity and 
frontal parasagittal 

69 M 2010 

DI4 Hypoglycaemia. 
Frontal convexity and 
frontal parasagittal 

38 M 2008 

DI5 

Combined effects of 
hypertensive heart disease 
and ischaemic heart disease. 
Diabetes (Type 1). 

Frontal convexity and 
frontal parasagittal 

45 M 2008 

DI6 
Hypertensive heart disease. 
Metastatic testicular tumour. 
COPD. 

Frontal convexity and 
frontal parasagittal 

38 M 2007 

DI7 Hypoglycaemia. 
Frontal convexity and 
frontal parasagittal 

38 M 2008 
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DI8 Hyperglycaemic coma. 
Frontal convexity and 
frontal parasagittal 

20 M 2006 

S1 Suspension by a ligature. 
Frontal convexity and 
frontal parasagittal 

25 M 2012 

S2 
Intra-cerebral haemorrhage. 
Ruptured intra-cerebral 
artery. Hypertension 

Frontal convexity and 
frontal parasagittal 

40 F 2009 

S3 
Acute combined morphine, 
methadone, diazepam and 
alcohol toxicity. 

Frontal convexity and 
frontal parasagittal 

50 M 2008 

S4 

Ischaemic heart disease. 
Severe coronary artery 
disease. Atherosclerosis. 
COPD. MS 

Frontal convexity and 
frontal parasagittal 

70 M 2007 

S5 
Pulmonary 
thromboembolism. 

Frontal convexity and 
frontal parasagittal 

42 M 2005 

S6 Heart disease. 
Frontal convexity and 
frontal parasagittal 

25 M 2012 

S7 Suspension by ligature. 
Frontal convexity and 
frontal parasagittal 

42 M 2009 

S8 
Unascertained pending 
laboratory studies. 

Frontal convexity and 
frontal parasagittal 

36 M 2011 

S9 
Hypertensive heart disease. 
Chronic obstructive 
pulmonary disease. 

Frontal convexity and 
frontal parasagittal 

69 M 2009 

S10 
Hypertensive heart disease. 
Hypertension. 

Frontal convexity and 
frontal parasagittal 

44 M 2006 

S11 
External asphyxia by 
inhalation of helium. 

Frontal convexity and 
frontal parasagittal 

41 M 2008 
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Figure 4-S1: PCA plot (R2X (cum) 0.385, Q2 (cum) 0.122, three components) based on 455 

metabolites from positive and negative ion modes for control, SDB and DI samples produced 

on ZICHILIC column. Three of the DI samples (Di1, 4 and 8) lay outside of the ellipse and 

were omitted from the model. P = pooled sample used to check instrument stability over 

time. In this figure, the data produced from the analysis of the polar extracts on the 

ZICHILIC column were not satisfactory for producing separation in the sample sets. 

 

Figure 4-S2: HCA plot corresponding to figure 4-7. 
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Table 4-S2: Summary of univariate differences to extract the important metabolites with a P 

value < 0.05 between control and SDBDI brain samples.  * Indicates that the retention time 

matches that of an authentic standard thus identification of MSI level 1. Application of the 

Benjamini-Hochberg procedure with a Q value of 0.1 indicates that the critical threshold for 

a regarding a P value as being significant is >0.05. 

ID M/Z RT 
Molecular 

Formula 
Metabolite Name 

P-value  

C and 

SDBDI 

Ratio 

C/SD

BDI 

Neurotransmitter metabolism 

4191 146.0924 15.6 C5H11N3O2 4-Guanidinobutanoate 0.0002 0.714 

4139 104.0706 15.9 C4H9NO2 4-Aminobutanoate* 0.005 0.854 

767 248.0238 9.1 C8H11NO6S Norepinephrinesulfate 0.008 0.489 

776 248.0238 10.8 C8H11NO6S Norepinephrinesulfate 0.01 0.526 

25 164.072 10.4 C9H11NO2 Phenylalanine* 0.005 1.312 

3337 260.0237 15.6 C9H11NSO6 tyrosine sulfate 0.009 1.319 

50 180.0669 13.4 C9H11NO3 Tyrosine* 0.017 1.228 

368 252.0882 8.1 C12H15NO5 N-Acetylvanilalanine 0.017 1.455 

89 146.0461 11 C5H9NO4 Glutamate* 0.021 1.127 

6505 189.087 10.9 C7H12N2O4 N-Acetylglutamine 0.045 1.233 

67 203.083 12 C11H12N2O2 Tryptophan* 0.025 1.205 

4366 161.1073 10.4 C10H12N2 Tryptamine 0.03 1.259 

4307 305.0978 17.2 C11H16N2O8 N-Acetyl-aspartyl-glutamate* 0.029 0.489 

2248 207.0778 9.4 C10H12N2O3 Kynurenine* 0.01 1.436 

6253 165.1023 6.6 C9H12N2O Kynuramine 0.048 1.462 

Neutral lipophilic amino acids and metabolites 

20 116.0718 12.9 C5H11NO2 L-Valine* 0.0008 1.358 

48 114.0561 13.2 C5H9NO2 L-Proline* 0.002 1.341 

46 148.044 11.8 C5H11NO2S L-Methionine* 0.004 1.297 

11 130.0875 11.2 C6H13NO2 L-Leucine/isoleucine* 0.004 1.344 

7122 174.1125 7.1 C8H15NO3 N-Acetyl-L-leucine 0.017 2.314 

6004 204.0867 14.1 C8H13NO5 N2-Acetyl-L-aminoadipate 0.003 0.772 

Polar amino acids 

2284 104.0354 16.1 C3H7NO3 L-Serine* 0.021 1.439 

1034 118.0511 14.8 C4H9NO3 L-Threonine* 0.014 1.523 

4160 90.05499 15.2 C3H7NO2 Sarcosine* 0.023 1.093 

2299 231.099 16.8 C9H16N2O5 N2-Succinyl-L-ornithine 0.017 0.414 

Sugar metabolism 

172 209.067 14.4 C7H14O7 Sedoheptulose* 0.0006 1.741 

200 195.0513 14.4 C6H12O7 Gluconic/gulonic acid 0.001 2.203 

154 121.0507 12.1 C4H10O4 Erythritol/threitol 0.001 1.574 

266 215.0332 13.7 C6H11O6Cl hexose chloride adduct 0.002 2.186 

85 181.072 14.3 C6H14O6 
Sorbitol/mannitol/adonitol/dulci

tol 
0.002 1.988 

57 241.0123 17.4 C6H11O8P 
D-myo-Inositol 1,2-cyclic 

phosphate 
0.006 0.58 

160 421.0761 17.4 C12H23O14P Trehalose phosphate 0.009 0.623 

169 209.0306 16 C6H10O8 Glucarate/galactarate 0.013 1.312 

90 151.0614 13.2 C5H12O5 Xylitol/ribitol/arabinitol 0.017 1.144 

1896 341.1095 15.6 C12H22O11 Sucrose 0.026 0.601 

42 273.0385 15.7 C7H15O9P 
1-Deoxy-D-altro-heptulose 7-

phosphate 
0.002 0.587 

3327 177.0406 15.6 C6H10O6 D-Glucono-1,5-lactone 0.049 2.745 
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Purine and Pyrimidine Metabolism 

2485 347.0404 15.9 C10H13N4O8P IMP* 0.051 0.678 

4138 264.1094 11.4 C11H15N5O3 N6-Methyl-2'-deoxyadenosine 0.041 1.48 

4221 284.0988 13 C10H13N5O5 Guanosine* 0.03 0.773 

4152 269.0879 11.3 C9H16O9 Inosine* 0.019 0.804 

192 167.0213 13 C5H4N4O3 Urate* 0.027 1.555 

4480 152.0566 12.8 C5H5N5O Guanine 0.026 0.702 

596 113.0358 7.8 C4H6N2O2 5,6-Dihydrouracil 0.009 1.474 

2167 245.0782 10.4 C9H14N2O6 5-6-Dihydrouridine 0.009 1.442 

251 255.0991 9.4 C11H16N2O5 Methyluridine 0.008 1.399 

4997 286.1032 8.5 C11H15N3O6 N4-Acetylcytidine 0.03 1.436 

Amino sugar metabolism 

265 290.0887 13.6 C11H17NO8 
Anhydro-alpha-N-

acetylneuraminic acid 
0.0005 0.77 

1001 204.088 11.4 C8H15NO5 N-Acetyl-D-fucosamine 0.042 1.503 

600 220.083 12.3 C8H15NO6 N-Acetyl-D-glucosamine 0.0005 1.244 

3228 178.0724 12.9 C6H13NO5 D-Glucosamine 0.0008 1.845 

7702 221.1132 14.1 C8H16N2O5 
N-Acetyl-beta-D-

glucosaminylamine 
0.046 0.823 

4642 260.0528 15.8 C6H14NO8P D-Glucosamine 6-phosphate 0.032 1.566 

Glycolysis and Krebs Cycle 

273 103.0038 16.1 C3H4O4 Malonate* 0.007 1.298 

183 173.0094 12.1 C6H6O6 cis-Aconitate isomer 0.011 1.393 

5302 277.0311 12.6 C6H13O10P 6-Phospho-D-gluconate isomer 0.015 0.256 

225 173.0093 18.3 C6H6O6 cis-Aconitate* 0.007 0.644 

3601 145.0144 6.3 C5H6O5 2-Oxoglutarate isomer 0.019 3.084 

Carnitines 

122 202.1089 5.5 C9H18NO4 O-Acetylcarnitine isomer 0.007 1.486 

7137 442.3526 5.1 C25H47NO5 
3-Hydroxy-11Z-

octadecenoylcarnitine 
0.003 0.448 

5789 290.1596 12.5 C13H23NO6 3-Methylglutarylcarnitine 0.011 0.684 

281 368.2813 4 C21H39NO4 cis-5-Tetradecenoylcarnitine 0.017 0.493 

957 202.1089 11.4 C9H18NO4 O-Acetylcarnitine* 0.041 1.361 

5741 330.2637 4.2 C18H35NO4 undecanoylcarnitine 0.047 1.903 

Glycerolipid metabolism 

1233 885.5504 3.9 C47H83O13P 

[PI (18:0/20:4)] 1-octadecanoyl-

2-(5Z,8Z,11Z,14Z-

eicosatetraenoyl)-sn-glycero-3-

phospho-(1'-myo-inositol) 

0.001 1.714 

6999 820.6219 4.1 C48H86NO7P 
PC(22:4(7Z,10Z,13Z,16Z)/P-

18:1(11Z)) 
0.04 0.645 

4532 744.5905 4.3 C42H82NO7P 

1-Hexadecanoyl-2-(9Z-

octadecenoyl)-sn-glycero-3-

phosphonocholine 

0.006 0.561 

4229 786.6012 4.2 C44H84NO8P 

[PC (18:1/18:1)] 1-(9Z-

octadecenoyl)-2-(9Z-

octadecenoyl)-sn-glycero-3-

phosphocholine 

0.008 0.87 

7001 734.5701 4.3 C40H80NO8P 

[PC (16:0/16:0)] 1-

hexadecanoyl-2-hexadecanoyl-

sn-glycero-3-phosphocholine 

0.0009 1.327 

4555 706.5384 4.3 C38H76NO8P 

[PC (15:0/15:0)] 1,2-

dipentadecanoyl-sn-glycero-3-

phosphocholine 

0.001 1.239 
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337 597.3056 4.5 C27H51O12P 

[PI (18:0)] 1-(9Z-octadecenoyl)-

sn-glycero-3-phospho-(1'-myo-

inositol) 

0.008 0.768 

6550 720.5552 4.4 C39H78NO8P 

[PC (15:0/16:0)] 1-

pentadecanoyl-2-hexadecanoyl-

sn-glycero-3-phosphocholine 

0.012 1.507 

4599 796.5856 4.1 C45H82NO8P PE(18:0/22:4(7Z,10Z,13Z,16Z)) 0.018 1.13 

69 509.2892 4 C24H47O9P 

[PG (18:0)] 1-(9E-

octadecenoyl)-sn-glycero-3-

phospho-(1'-sn-glycerol) 

0.024 0.804 

4554 511.3032 4 C24H47O9P 

[PG (18:0)] 1-(9E-

octadecenoyl)-sn-glycero-3-

phospho-(1'-sn-glycerol) 

0.032 0.817 

4533 770.6065 4.2 C44H84NO7P PC(18:1(11Z)/P-18:1(11Z)) 0.037 0.513 

4993 536.3348 4.4 C26H50NO8P 

[PC acetyl(16:0)] 1-(9Z-

hexadecenoyl)-2-acetyl-sn-

glycero-3-phosphocholine 

0.043 0.585 

377 483.2738 4 C22H45O9P 

[PG (16:0)] 1-hexadecanoyl-sn-

glycero-3-phospho-(1'-sn-

glycerol) 

0.048 0.809 

4744 258.11 14.9 C8H20NO6P sn-glycero-3-Phosphocholine 0.042 1.606 

4471 247.0576 13.2 C6H15O8P Glycerophosphoglycerol 0.001 0.793 

128 171.0066 14.9 C3H9O6P sn-Glycerol 3-phosphate 0.034 1.684 

Miscellaneous 

59 239.1154 16.6 C10H16N4O3 Homocarnosine 0.004 0.622 

7071 227.1139 10.3 C9H14N4O3 
Carnosine isomer (probably 

anserine) 
0.0009 5.168 

4239 170.0812 8.1 C8H11NO3 Pyridoxine 0.005 1.678 

5958 169.0971 11.3 C8H12N2O2 Pyridoxamine 0.049 1.245 

3 96.96983 13.6 H3O4P Orthophosphate 0.005 1.168 

3930 157.0872 5.5 C8H14O3 
[FA oxo(8:0)] 3-oxo-octanoic 

acid 
0.001 1.571 

7654 316.2845 4 C18H37NO3 
[SP hydrox] 6-hydroxysphing-

4E-enine 
0.005 1.611 

5445 176.0554 15 C6H9NO5 
[FA amino,oxo(6:0/2:0)] 2-

amino-3-oxo-hexanedioic acid 
0.008 0.611 

1665 141.0923 4.6 C8H14O2 [FA (8:0)] 2Z-octenoic acid 0.012 1.442 

558 159.1029 4.9 C8H16O3 Ethyl (R)-3-hydroxyhexanoate 0.015 2.012 

1761 309.2229 4.2 C22H30O 

[ST ethyl,methy] 13-ethyl-11-

methylene-18,19-dinorpregn-4-

en-20-yn-17alpha-ol 

0.017 0.612 

2237 315.2547 4.1 C18H36O4 
[FA hydroxy(18:0)] 9,10-

dihydroxy-octadecanoic acid 
0.018 1.953 

479 171.1029 4.7 C9H16O3 9-Oxononanoic acid 0.019 1.416 

7062 188.103 12.5 C7H13N3O3 
5-guanidino-3-methyl-2-oxo-

pentanoate 
0.021 1.443 

355 131.0351 14 C5H8O4 2-Acetolactate 0.024 1.438 

7036 223.0747 4.5 C7H14N2O4S L-Cystathionine* 0.026 3.785 

279 131.0715 6.2 C6H12O3 6-Hydroxyhexanoic acid 0.027 1.445 

526 230.1513 24.2 C10H21N3O3 Gamma-Aminobutyryl-lysine 0.027 0.457 

3230 351.2184 5.4 C20H32O5 

[FA oxo,hydroxy(2:0)] 9-oxo-

11R,15S-dihydroxy-5Z,13E-

prostadienoic acid [PGE2] 

0.027 10.749 

276 131.0351 11 C5H8O4 2-Acetolactate 0.029 6.808 

222 155.0464 8.5 C6H8N2O3 4-Imidazolone-5-propanoate 0.03 2.317 

1186 572.0808 13.2 C16H25N5O14P2 GDP-3,6-dideoxy-D-galactose 0.033 0.654 
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981 145.0872 4.9 C7H14O3 
[FA hydroxy(7:0)] 2-hydroxy-

heptanoic acid 
0.033 1.333 

7167 257.1495 5.6 C12H20N2O4 N-heptadieneoylglutamine 0.034 1.661 

275 295.2651 3.9 C19H36O2 
[FA methyl(18:0)] 11R,12S-

methylene-octadecanoic acid 
0.037 0.811 

2549 189.0044 12.2 C6H6O7 Oxalosuccinate 0.038 1.869 

1676 335.2235 4.9 C20H32O4 Leukotriene B4 0.04 9.21 

1522 219.015 12.1 C7H8O8 
4-Carboxy-4-hydroxy-2-

oxoadipate 
0.042 1.752 

661 171.0066 15.4 C3H9O6P *sn-Glycerol 3-phosphate 0.045 0.598 

1674 159.1028 6.4 C8H16O3 Ethyl (R)-3-hydroxyhexanoate 0.047 1.419 

4370 648.6294 4 C42H81NO3 
[SP (24:0)] N-(15Z-

tetracosenoyl)-sphing-4-enine 
0.05 0.622 

3202 175.0978 5 C8H16O4 
[FA hydroxy(8:0)] 6,8-

dihydroxy-octanoic acid 
0.05 1.598 

 

 

 

 

 

Figure 4-S3: Calibration curve for sugar alcohols and gluconic acid over the range (1-16 

µg) with Pinitol (2µg) as an internal standard


