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Abstract

Fourprojects were undertak@mthe current studio apply and in some cases develop
metabolomic profiling methods based on -HRMS for application to different

human biofluid and tissue samples

In the firststudy concerns the potential of metabolic changes to give an indication of
physical fitnessUrine samplesvere collectedrom ten physically active subjecigo
underwenttwo cycling exercise trialsrirstly, their aerobic capacity (Véhay was
determined and the second was a 45 min submaximal exercigertedtundrednd
twenty urine samples were collected total over two days at regular time intervals:
on day 1 where there was no exercise interventiongday 2 where there was an
exercise session and on day 3 where there was no exercise intervaimgon.
metabolites affected by the exercise included a range of purine metabolites and several
acyl carnitines. Some metabolites indhglbile acids and sevaramino acids were
subject to diurnal variatioduring the rest dayday 1) Using OPLS modelling it
proved possible to identify a single abundant urinary metabolite provisionally
identified as oxeaminohexanoic acid (OHA) as being strongly correlatgth

VOZmax-

Secondly, metabolomic profiling was carried out&$hpostmortem brain samples
from subjects diagnosed with schizophrei8a depressioriD), bipolar(B), diabetes

(Di) and controlgC) in order determine whether or not there were clear lmoétas
distinguishing these conditionsThe most important metabolites producing
discrimination were the lipophilic amino acids leucine/isoleucine, proline, methionine,

phenylalanine, and tyrosine; the neurotransmitiamsmaaminobutyric aciqGABA)
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and N-acetyl aspartyl glutamattNAAG) and sugar metabolites sorbitol, gluconic
acid, xylitol, ribitol, arabinotol, and erythritoFor the determination of the sugar
polyols it was necessary to develop and newNB& method.There appears some
commonality betwen metabolic perturbations resulting from diabetes and from SDB.
This studyconcluded that the changes in sugar alcohol levkish were quantified

in physiological fluidsconfirm the metabolic similarityetween mental illness and
diabetes.This leadgo the question regarding whether or not antidiabetic drugs might

have a role in treating mental illness?

In a third projecta reductive amination method was usid combination with
hydrophilic interactiodiquid chromatography and high resolution masscgmmetry

to analye the sugars in poshortem human brainThesamplesvere collectedrom

six controlbrain samples and eighteen samples from individwaie had suffered
from schizophrenia, depression and bipolar (SDB) disofides. methodvas applied

to confirm the important role of sugar metabolism through evaluation of relation
between the changes in sugar levels and psychidthe. best separatioand
guantificationof the common hexoses (glucose, fructose, mannose and galégtose)
this methodvas achieved whefHs-anilinewas useds a tagging agemdditionally,

it succeedeth tagging a range of other sugars including pentoses (ribose and xylose)
and sugar derivatives ¢Blcetylneuraminic acid and glucuronic acidhe results
highlightedarelationship between thecreases the levels of sugars and psychiatric
disordergSDB). This relation which matched with other studies once again supported
our resultsproject2 suggesting thah that sugar metabolism $ian 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
adds give a relatively weak response negative ion ESMS. In untargeted
metabolomics studs is importantto obtain a good response from molecules of
interest A derivatsation methodising choline as a tag put a positive charge on the
analytessucceededbr the quantificatiorof oxidised fatty acidsespeciallyoxylipins,

in plasma samples collected from seven participants before and aftgrdbleetroot

juice (strongantioxidant and a source of nitratdhe current results concluded that
this derivatisation method improved the sensitivity and selectivity eMSCanalysis

by increasing the response factors for the positively tagged oxidised fattybgcids
more than 100 timeis comparison tahose for thaintaggeccompounds in negative

ion. There was nalear effeciof beetroot juice on the levels of oxidised fadtyds in

plasma.
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CHAPTER ONE

GENERAL INTRODUCTION



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 asathe
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 thevital 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 undestand 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 metabolisnjFell and CornistBowden, 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 acidsyitamins, 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 endpoint 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
nonessential or secondaryetabolites, 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 rolen the cell growth, reproduction and development
(DjoumbouFeunanget al, 2019) In metabolomic studies, the complete set of
metabolites produced by metabolism processes into cells has beeaddaé

met abol ome. Kel | and Oliver (2016) <cited
was by Oliver and his colleagues in 1998 as a term for metabolomic prgKktig

and Oliver, 2016)

A comprehensive and quantitative analysis of metabolites is impdootamiderstand

the changes in metabolome of the biological system through the comparison between
diseased and healthy conditiomdetabolomic tools are an essential part of the study

of all small molecules in biological samples due to the massive nundreplexity,
diversity and dynamic concentration of metaboli{@ettmer et al, 2007) The
metabolome is a major challenge to a metabolomic analysis in the quantitative analysis
of all metabolitesits 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 predictiorthe essential metabolism products, primary metabolites, without

norressential metabolism, secondary metabo{Beecher, 2003)
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1.2 Metabolomics

Metabolomis is the scientific ternmdescribing aroptimal approach to identify and
quantify smallmolecule metabolites within biological systeffriehn, 2002)It is a
promising methodor understanding the dynamics of how living systedeal with
metalwlic changesand offers a new investigative way efudying mechanistic
biochemistry related to natural processesealth and disease. Global analysis of
metaboliteshas been facilitated considerably by the applicatioreoént analytical
technique deMepments(Vinaixaet al, 2012) The metabolomic fiel was described

by Jeremy Nicholson who definglde metabolomic approach as a holistic profiling
and analysis method to determine the effective change of metabolites within
biological system which occur as a resofitmany outside conditions such as diet,
lifestyle and genetic factorgNicholson et al, 1999) Although fundamental
metabolomics techniques go back to the 196stdrmitself formally came into use
during the first ten years of the twerftgst century. The greater efficacy of mass
spectrometry and nuclear magnetic resonance techniques in data extraction and
manipulation techniques ked to an increased number of pubtions 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) urdargete
metabolomicsvhich uses an unbiased approach which attempts to assign as many
compounds or metabolites as possible by either acallydentification or ideallypy
achieving high confidence leveis identification by utilising reference standards

(Pattiet al, 2012) Informationon biochemical process&gich are obtainedfrom
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charges in metabolites can providetails onspecific pathwaysvhich may relate to

disease processeshus, the applications of metabolomlw@ve the most important

role in the quantification of known metabolites and the identification of new
metabolites asibmarkers to predict and diagreodiseasesBiomarkers in biomedical
researchelated tahe discovery of biological molecules in a variety body fluithsch

can be used as tools to improve diagnosis of diseaseral@istandts pathological
mechanismsThe National Institutes of Health Biomarker Definitions Working group
andthe World Health Organizatiodefinedab i o mar ker as: Afa char
objectively measured and evaluated as an indicator of normal biological processes,
pathogenic processe, or phar macol ogic responses t
(Biomarkers Definitions Working, 200B0nd fial most any measurer
interaction between a biological system and a potential hazard, which may be
chemical, physical or biological. The response may be functional and physiological,

bi ochemical at t he cel l ul ar (WHOe 1993) , or
respectively

Quantifiable biomolecules characteristic of biological processes, biomaakerssed

as clinical and diagnostic tools for a normal physiological state or changes in an
individual in relation to a pathophysiological process or a treatrBemnarkerscan

be (a) proteinsndicating cellular and enzymatic changes, or (b) small biological
molecuks (metabolites) which highlight physiological endpoints, which help in
disease management with referencéhtoearly detection of disease, disease process
markers, monitoring of drug response and therapeutic intervention, and outcome

measurement.
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The seech for biomarkerdn the untargeted biochemical profilingf metabolites,
basically dependson powerful analytical techniques for separatisnch as
chromatographic methods and identification of the greatest number of endogenous
compounds pofisle by masspectrometly asthemethod of choiceSignificantly, 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 struetwlucidation, whereby the qualification of the
biomarker may involve established methods different from the acellyechnique

used to discovat.

1.2.1 Targeted Metabolomic s
The functional understanding of many biochemical pathways is utilisetkeimfthe
approached¢o metabolomics, usually known as targeted metabolontics the
identification and quantification of defined sets of structurally known and
biochemically annotated metaboliteshich provide an invaluable source of
background informationatilitating evidencéased interpretation of metabolomics
data setsresults from so many biochemical pathways having been explored in
considerable detailt 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 compartmentalisationThanks to this
information, instant fuctional interpretation of the data set and, thus, analysed cell or
organism phenotyping, a straightforward procestcilitated(Lundinet al, 2011)
Quantitative information whichs generally provided by targeted metabolomics

constitutes a further significant advantage for this approa@ah. immediate
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understanding of any alterations betwedifferent biological states, the molar
concentrations of the metabolites involved in a pathway, and for comparison and meta
analysis of several independent studgesnade possible by such quantitative data
Through the use of targeted metabolomics a waahge 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 solutioheaoemponents of the
technology, which is a novel platform facilitating the identification and quantification
of many hundreds of metabolites. It is also well suited where-thiglughput and
routine applications are concernéthere are certaisimilarities 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 measurénotet al, 2011)

1.2.2 Untargeted Metabolomic s

Untargeted metabolomics applications represent the mmatinod for improving
biomedical researchy providingpotential chemical biomarkers in clinical practice.
The effective and reliable results tife untargeted metabolomic approacan be
obtainedby variousanalyticaltechniquesTheseechniquesncludednuclear magnetic
resonance spectroscopy (NM@harti and Roy, 2014andmassspectrometryMS)
which can beused alone dn conjunction with one od number oflifferent separation
technigues such akquid chromatography L(C), gas chromatographyGC) and

capillary electrophoresis (CEHPhamTuanet al, 2003, Plumket 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. Thénaccessibility of purified standardsasseriously hindered the
identification and quantification of a large proportion of unknowrtal@ites in
complex biologicalkampleshy metabolomicsMassto-charge ratiqm/z), retention

time (RT), fragmentatiorpatterns, using standards and datahases generally
determining factors in metabolite identification or confirmat{®atti, 2011) Thus,
thequantification and identificationf metabolitestill 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 mRTarare
included in a suleguent multivariate analysis procedure used to study metabolic
differences between the different groups of samples and to identify putative

biomarkergDunnet al, 2011)

1.3 Metabolomic s in Biomedical Research

Metabolomics studies have provided new and complementary insights in biomedical
research andor developing a betteunderstanding for many diseaseelated 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 westhblished procedu 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 phend&gpeova et al., 2011)

There is a widespread rangepaftential 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 can(Osl et al., 2008and neurologic disorde(trban et

al., 2010) Metabolomics can also be applied inglidevelopment where it is used to
uncover new drug targets, prioritize lead compounds and assess drug toxicity, enabling
the development of novel, smarter and safer dfwgsnberger and Graber, 200%)
addtion, 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 @mplexity of high throughput small molecule measurements now constitutes
a substantial challenge to the researcf@hsittacharya et al., 1995, Tweeddale et al.,
1998) Changes in He metabolite concentrations,determined by a different

metabolomic strategieseflect changeable in health and the respdosxternal and
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internal influences omhe metabolomic profi. Metabolic dysfunctions are directly
relatedto the risk of developing many diseases such as cardiovascular disease, kidney
disorders, type 2 diabetes and psychiatric illne@dedik et al, 2010, Felizola, 2015,

Kaur, 2014) Metabolic disordersnvolve abnormalbiochemical reactions in living
organisms and the bionedlular damage caused by the accumulation of oxidant
productsandreactive speciest is not only very well suited for biomarker discovery

in different diseases, metabolomics is also important to explain the pathophysiological
effects behind the diseaseg., inhibition of or upregulation of an enzyme in a specific
pathway (Bartel et al., 2013)Many researches dve 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 abnormaliti®& Marzoetal., 1994, Fukuchet al, 2004,
Kelleyet al, 2017, Newgaret al, 2009) On the other hand, the metabolic phenotype
may be affected by physiologita relevant factors including dietary modifications

and regular physical activigndlifestyle changs which have the potential beiie

in treatment of metabolic disturband&stsavoset al, 2006, Lenzt al, 2004) Also,
ultraviolet radiation derived fromuslight exposure may be one of natural effects
which can stimulate or inhibit the biosynthesis of biolodycattive molecules (Park

et al, 2014)

Page| 9



1.3.2 The Pathological Factors Effect s on Metabolic Phenotype
Dysregulation in metabolic proce&ssnay beevolveal by abnormal chemical reactions
or deviation of metabolic pathways apdoducethe cumulative damage for the
etiology of many pathological conditions and diseaSmsmne of thepathological

factors which came causethe metabolic disorders are:

1.3.2.1 Oxidative Stress

Oxidative stress is a condition in which more oxidants paoeluced than can be
scavenge@ndthis leads to an imbalance in the oxidamtioxidant equilibrium ira
biological system. Persistent oxidative stress causes harm to cellular structures
including nucleic acids, lipids and proteins resulting in oxidative damAge
imbalance between the oxidants and antioxidasrgsacerbated bgnincreasen free

radical generationA radicalc an be defined as O6reactive ¢
an urpaired electromndcan be considered as fragments of molecules and which are
gener al |l y (Ses, ¥997)Highlcreactiveeo&ygen and nitrogen species,
ROS and RNS, and free radigdEerived from them, such #se superoxide aniorthe
hydroxyl radical, and nitric oxideanimpair key enzymes and biomolecules in cells.
However, oxidative stress and mitochondria dysfunction have been implicated in
various pathological conditions in humaasd may lead to disturbances in many
metabolic pthways (Lobo et al, 2010) The inferences of oxidative stress on
metabolismhave beeshown in many biological studies which focusedtair effects

on metabolism in biological disorders. In addititmcontribuing to oxidative damage

in metabolism disorders in the pathophysiolofthese diseasgsxidative statusnay

also influence metabolism dysregulation during various physiological functions such
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as nutrition, exercise and exposure to sunlight. Recaméiyabolome analysis ba
been used to discover metabolite biomarkers for many dseakeman biological
samples andontributed taunderstanding 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 consistingvafioushydrocarborattached to a
carboxylic acid,carboxylic acid is an organic acid containing COOH as functional
group Aliphatic monocarboxylic acidarederived 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 carbong&usually unbranched and evanmbered), which may be saturated

or unsaturategMosset al, 1995) The major source of essential fatty acids, which
camat be produced irthe 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
guantities ofadenosine triphosphat&TP), is a highenergy molecule found in every

cell, when glucose is not available for this purp@Sehonfeld and Wojtczak, 2016)

The toxicity of fatty acids and derivatives caused by their accumulation nrajated

to mitochandrial 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 accumulationof long-chain fatty acids, aliphatic tails of 13 to 21
carbons, in hig concentration@/Najner and Amaral, 2016previous studies indicated
thatdysregulatiorof fatty acid netabolismhas beemetected 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

conditionsas a result oénvironmental fact@rsuch as nutrition, exercise and light.

1.3.2.3 Amino Acid Dysregulation

An amino acid is any biological molecule consistingaafarbon atom bonded to two
fixed functional groups, the basic amino grotipe(substituertNH) and the acidic
carboxylic group the substituentCOOH), as well as a hydrogen atom (H) and an
organic sidechaingroup (R),which is a specific group relatetb the name othe
amino acid. The primary e®f amino acidss as the building blocks of polypeptides
and proteins and the partieifpon in the synthesis of other nitrogenous substances
(Vickery and Schmidt, 1931 )Not all amino acid can be synthesised by the body,
therefore a good diet is considered a major sourcedeentiabmino acid. Amino

acids are necessary compounds in many biological activitias anganism such as
neurotransmission, nutritional influences on physiology and lipid transport and have
important roles in energy metabolism and the regulation of metgbaiiowvays in
cells. The essential roles of amino acids in metabolism and the proteome encouraged
researchert usemetabolomic tod to provide a better understang of the amino

acid pathways and metabolic responses of living systems to external molinte

perturbationgGu et al, 2015)

1.3.2.4 Dysregulation of Sugar Metabolism

Carbohydrats, arebiological molecule consisting of three types of atoms including

carbon (C), hydrogen (H) and oxygen (O) watformula Gy(H20),, where n=m only
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in the fundamental units of carbohydrates. Generally, sacchardebvided into

three main groups including sugars (monosaccharides, disaccharides and polyols),
oligosaccharides and polysaccharides. Monosaccharmlesimple sugars, are
relatively small molecules having the empirical formula CnH2nOn and are the most
basc units which can be further linked together to build other large carbohydrates
(Mosset al, 1995) Sugars are soluble carbohydrates and are classitedraips

based on a number of carbon atoms as in common compounds such as hexose groups
(CeH1206), e.g. glucose, fructose, mannose and galactose, and pentose groups
(CsH100s), e.g. ribose, xylose and arabinose. Saccharides are an important source of
energy fotheb o dy 6 s c¢ e lhdaviesgmajer roleseirl nhanydnman systems and
vital processes such as the immune system, fertilization, homeostasis, blood clotting,
brain functions and metabolisivletabolismof sugarsand their derivatives such as
sugar alcohols and sugar acidsyf majorinterest 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 ienpaliagnosed with

mental illnesgNewcomer, 2007)

1.3.3 The Physiological Factors Relevantto the Metabolic Phenotype

In addition to pathological factors, it is thought tha 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 activithadclear effects omnumber of metaolic pathways and
influence health through reducing or increasing the risk of diseases. Pitsavos and his

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

metabolic dysregulatio(Pitsavost al., 2006)

The modern lifestyle and regular exercise may positively impabuman healttor

may bethecause of disabilitanddisorders such as mental illness, horaladinsordes,
inflammation and oxidative stre¢3ackaet al, 2012) Also, the effects of ultraviolet

radiation resulting from sunlight exposure, as onthetnvironmental factors, were

identified on the metabolic pathways for various metabolites in a given biological
sampl e (biofluid, ti ssue, cell s). Acco
metabolomic studies were conducted on wide types of plants in order to detect the

impacts of ultraviolet radiation on metabolic procegdéatus, 2016)

1.4 Metabolomic Approaches Workflow

Practically, metabolom 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 thousds of metabolites from biological samples is onetha
challenges in untargeted phenotypingbtaining the best analytical results in
untargeted metabolomics can be achieved by applmmtegrated metabolomic
workflow as shown irFigure 1 The optimisatiorof the metabolomics workflow has

been managed by the subdivision of main procesgessix sub steps inclimg
selection and preparation of biological samples, analytical methods, metabolites
identification, data treatment, statistical ses and validation of data and biomarkers

(Fukushima and Kusano, 2013)
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Data

Analysis

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/M$8ased 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 @ monitor and reveal the metabolite changes to proadenique
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 sampgs. Due to their properties suchbesngeasily obtained and
prepared, urine and plasma are the most commasdylbiofluids for obtaining a

metabolic fingerprint. Alsbraintissue, cells and other biofluids such as cerebrospinal
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fluid and saliva have le& examined in the study of metabolic perturbations associated
with different disease stat@de Paivaet al, 2014) In addition to the type of biological
samples, the number afilgects per group, high or low sample size, &asnportant

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 chaosing
suitable methoddf analyss. Thus, the preparation method thie sample will be
designed depending on the type of samples and the determined analytical tools.
Analysis and detection in metabolomic studies necessitates piekingptimal
analytical strategy to obtain a clear metabolite spectrum and reliable data. Many
analytical and instrument strategcan be used separately or coupled sucimass
spectrometry, gas chromatography and liquid chromatography to identify the
biochemical signature of samples, these analytical tools will be desdaterdsection

1.5). Generally, @ta acquisition has several problems which the most important of
them are related to analytical noise char{gas Velzeret al, 2009) a signal intensity

of metaboliteg(Shuruboret al,, 2005) and sampling variability or systematic dfian

der Kloetet al, 2009) Thus, normasiation before analysis, p@cquisition, or after
analysis, posacquisition, and the use of quality control (QC) samples are important
actions to avoid the abnormalitiesaca deflections which occur in analytical
measurement§Edmandset al, 2014) After tacking all the unwanted challenges
which accompany data acquisition, data processing is the next processwpied

to preliminary data to extract quantified daadcan be handled by analytical tools

and statistical analysis software.
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1.4.2 Data Processing

The data obtained fromvailable analytical tools gelires some procesg in order to
facilitate data analysis through extraction of clear information and disposal of
unwanted effects. Metabolomics technologies can provide large amounts af data
different formats to be used investigation of a thousands of different metabolites.
Therefore regulation of data and file format conversion from special formats to more
common formats ishe start of the series of processes to be carried out on raw data.
Depending on the type of tlegtracted data, data processing may be necessary to avoid
insufficient correction for background ions, retention time shifts and emergence of
phantom metabolite§Sugimotoet al, 2012) Figure 12 shows the schematic layout

of data processingrhich aim to extract biological information from the acquired data

Data processing by MZmine will be detailed in sectie®2

Data Processing

Xcalibur Raw File mm===) MZML File

4

MZmine 2.14

( Metabolites ID)

Peak Gap  Metabolites
Detaction  |5tops Alignment | FiNG Filtering  Identification
[:_::»—

[;_::-—

Data Treatment

Missing Values Transformatio Normalisation

Figure 1- 2: The schematic layout of the steps of data processing.
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14.2.1 Metabolite | dentification

The starting step of data processing is metabolite fiiton 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
structuresand concentration®etabolite identification is one of the most important

and more difficult steps in metabolomics studies based on NMRyVIG@nd LCMS
techniquegMoco et al, 2007) The raw data extracted from deferent metabolomic
approaches GGMS and LCMS, should be handled by several metabolomic
commercial or noirtommercial software, such as SIEVE (Thermo Fisher, Germany)
and MZmine 2 software, to provide methods for differential analysiZnifie
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 metabolomicdata ( Kat aj ama a and Unamgeted i |
metabolomics, especiglthrough its use of LC/M®ased 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 uniqgue m/z and RTin 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 metabolomgoftware such as XCM&mithet al, 2006) MZmine

(Kat aj amaa ana Md&align@onimen, 20@papable of providig
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 accordj to the information provided for the compound
characterization within four different levels of MSI as described by Suamihis
colleagues(Sumneret al, 2007) Compounds identified by level 1 (MSI1) are a
minimum of two independent drorthogonal 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 andgpectral 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 gBctsal 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 compoundsdangdo
spectral data then enabling relative quantificati@umner 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, angrgose@ns of MS data. These
information for metabolites are provided by various database sets compatible the
instrumentation used in the metabolomics experim@nianet 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 bymany statistical steps to resolve analytical variation from sample
preparation and instrumental drifts. Also, abnormalitiesthie data whichwere
previously detected such as the effect of missing gane the effect of noise may be
needed tdvandle 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 frorthe 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 metabolites appear
onesample but nan others, or the limit of detection féreanalytical method exceeds
the concentration of metabolite in sampl
idenify some metabolites whicirenot detectedHrydziuszko and Viant, 2012)

Gromski and his colleaguesported that the missing values can be repladier

with the half of the minimum peak intensity, small values (SV), ormmefaall
intensities, mean (MN), omedian(MD) of all intensitiesor K-nearest neighbour
imputation (KNN),which is the mean ofthe nearest 10 nemissing values. Another

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

approach(Gromskiet al, 2014)

1.4.2.2.2 Normalisation

The analysis of metabolomics dasaplagued with diffeent limitationswhich may
prevent theachievement of the main aims thfe metabolomics stud 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
relatedto 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 af protei
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 e metabobmic output. Thus, this variance may leadhe useof

seveal indicators such as protein content, cell count, osmolality, and creaftiine

and Li, 2016) In addition to the type of sample analysed and its content, specific
normalisation techniques to remove systematic variationsomayfluenced by many

other cefactors which should be observed such as gender, age, stress, disease, training
modality, diet and ethnicityThe normalisation of systematic changes can be
performed internally by using internal standavdsichis a commorpractice and these
should be stable compounti&atare not present in biological matrices, or externally
via addition a pooled sampie the run sequenaes QC The use of QC sample in the

external normalisation as a representative of the samples is argcasorder 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 deviationsicbuglisation
of obtained data aftethese normalisation methods required to gaithe ideal

metabolic fingerprintindWarracket al, 2009)

Data normalisation isa successful strategy to remove the effects of systematic
variability on the full spectrafiata and to eliminate the variances in concentrations
between the observations in orderettsure that samples artemparableEjigu and

his team reported thahdre aresevenapproaches of data normalisatithrat can be
applied in eliminating outliers arariability removal including the normalisation by:

(1) linear baselinghe median intensity of each metabolite for all runs is calculated to
construct the baseline in thimrmalisation method2) sum or analogous to total ion
count, It is appliedthrough 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 (iddle value when data is ranked into ascending frdéy
cyclic-Loessnortlinear 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 codlbe done by projecting the original data onto a unit diagonal
vector;(6) probabilistic quotientinstead of the median value of a particular metabolite
across different experimental run as applied in linear baseline normalization, this
method is appliedo normalise the data based on the construction of the reference
metabolite (baseline) by taking the median intensity value at each experimental run;

and (7) cubiespling this method was explained by Ejigu and his colleagues as
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foll owing A Tdni reethoth assumeed ihe aexistence of -linoear
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 rungo 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

t he experi(hguetalg 2013) uns 66

1.4.3 Data Analysis

A comprehensive covering for metabolomics workflow startingh data acquisition

and datgrocessings anessential togbrior tobiological 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 baoker validation. Biological interpretation is the

way to manage the structure of data to describe the information obtained from wide
range of qualitave data through matching theda&ta with standard data network. This
standard data network $iaeen stratured to providenabundace of the information

about metabolite featurgSteuer, 2006)

1.4.3.1 Statistical Analysis

During the data analysis process, normalised data are analysed by using appropriate
statistical approacheséwaluatesignificant observations obtained from the dédsaq

et al, 2009) Statistical analysis in metabolomics can be appliedusing different
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statisti@l and bioinformatics software either commercial (e.g., Agilent MassHunter,
Waters ProGenesis QIl, ABSciex XCMSPIlug)r freely available (i.g. Excel,
MetaboAnalyst and SIMCA) desigdto uncover the homogeneity in variables and
approximate linear dependencies among them. Visualisation and irdégoredf a
metabolomic change is challenging and needs a robust stdtigpproach to
accuratelyassess the data differenc&atistical platforms for metabolomics data
involves two approacheshich are univariate and multivariate analyfBartelet al,

2013)

1.43.1.1 Univariate Analysis

There are many variables produced in the metabolomics vdaizh should be
examined to find the relationship between the metabolomic changes and either internal
or external challenges thebiological system. Statistical analysis of variahiesg
univariateanalysigs the easiest method to analyse variables andoedgsignated as
adeductive or descriptive approach. Univariate analysis has been used for dealing with
one variable to determirggnificantdifferences in metabolite concentration between
two or more groups. In this statistical approach, pahtedtt o-value), fold changes
(ratio) and one or twavay 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 relaépectausal
relationships such as outlier variables and regression analysis amal itail in
acquiring understandingf biological change@artelet al, 2013) Univariate analysis

also generally assumes normal distribution of the variables unlespanametric

methods are used.

Page| 24



1.43.1.2 Multivariate Analysis

Extensivedata collection and analysis possible ly employing global metabolic
analysis method® determine the critical features of for the biological components.
For this purposeaynivariate analysis should be followed by the most common steps of
multivariate analysis. Advances in a metabolic statistical methods by the use of
multivariate analysifiasallowed unparalleledbiomarkerdetection and may offer a
variety of novel biomarks. The most commonly used analytical methods for the
applying of multivariate analysige unsupervised technique, principal component
analysis (PCA), and supervised technigwdsch include partial least squares
projection (PLS)r orthogonal partial kst squares projectiqivorley and Powers,

2013)

1.4.3.1.2.1 Unsupervised Techniques

Accurate analysis of data is possible which can be achievesh bgpropriate and
adequate statistical approach to reducedihgensionality of the input space in the
samples into upswith similar characterist& Unsupervised statistical patterns such
asPCAand Hierarchical Cluster Analysis (HCA) are created to reduce the complexity
of the data and to graphically represeatt@rns or clusters identified in the data
(Kirwan et al, 2012)

PCA is the most widely used unsupervised model to find the clustering of variables
regardlessof the classificationof the observationsThe PCA approach is usually
carried out as the first step in tmeiltivariate analysis ethod to combine the variables
associated with each other to detect yng values in order to extract meaningful

information for dataets For metabolic fingerprinting, the objective of PCA has been
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utilised in the analysis of mabolomics 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 dédyamundandat 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 characseoisad®CA

model may be sufficient to detect the deviations withimd 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 aras geneti
(Abdi and Williams, 201Q) 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 @aodsslve the regression proble

biasal regression model can be obtained when the analyst peesahleastsquares
(PLS) asa supervised model that explicitly specifies the response value for each
variable. PLS regression problem is knownRastial Least Squard3iscriminant
Analysis (PLS-DA) when there is a@esiredprediction between measurements taken

in two or more experimental groups. Therefore, supervised models such-&APLS
and its extension Orthogonal Partial Least SquBissriminant Analysis (OPL®A)

have been applied to prege the scores, loadings, and resich@ted parameters with

a familiar meaning and to address the regression prabl&ariey and Powers, 2016)
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OPLSDA is a powerful technique used to identify diffeces 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 associdt@ith changes in the metabopathway. The jgpearance of
spectral signals which are very diverse and maybeotonnected to theariaion
betweerstudy groups is inevitable in complex studies such as metabol@iatd et

al., 2001) Due to this reason, OPLSA has been employed instead of PD3 to
separate prediction groups acttangesinrelatedto thegrougs in the extracted data.
Thus, OPLSDA is advantageous over PH{FA because it can separate not only the
individual variants of X that do not belong tehvrizontally, predictive variation, but
alsoproduceseparation of X variants uncorrelated teihogonal. Theuality of the
supervised model, BLS-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-palue of the model (€V-ANOVA) (Tribaet 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 o¥iting the data. Such ovéditted data standsub to

be unreliable if considered for any clinical situations. Two main approacluzgao

validation in multivariate statisticge model validation and biomarkers identification.
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1.44.1 Model Validation

The validation of data modelling @ important step to obtain the reliable resultse

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 @bpgations on Yaxis to variables on -axis by
qguantifying the fraction of Y explained by the variation infhus,thefraction 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 thisrkl is close to one, the maximal value, which may
be achieved througinincrease the number of components. The considerable number
of variables compared ith relatively few observationmight result in data over
fitting. In other words, the results coldd too optimistic. By means of cross validation
(CV), which constitutes omitting a predefined number of observa(iopsiefault

1/7" and subsequently refitting the model, a quality of prediction parameter (Q2) can
be obtainedKirwan et al,, 2012) Comparing the average valakthe refitted models

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

on chancgSteuer, 2006)

In addition to internal validation tools (R2 and Q@) validation of supersed model
which has been built using SIMGR may be carried out by two external methods
include the permutation test amahalysis of variance of the cross valida(€y/-
ANOVA). Applying a permutations test can establish if a specifically classifying
obsevations into two groups is better to any significant degree than any other arbitrary
division into two classe@Nesterhuiset 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 thealsg 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. CYANOVA is the test which investigates the variatithe model
predicts against andcHhypothesis of equal cross validated predictive residuals around

the mear(Erikssonet al, 2008)

1.4.4.2 Biomarker | 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 correctedvyalues are tools usédr 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
empbyed 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 (M results from VIP, as does its
contributionto the variability within the group (VUrho). Metabolites with high VIReq

and low VIRno vValues are sensitive and spec{fi@ghong and Jun, 2005)

Corrected pvalues,the pvalue is a tool used in staftst to evaluate the statistical
significance of a variabl e. This value
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 relgtionshi
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with a greater ris of false positive discoveries.0 mi ni mi s ealtdrdd,ithe r i s k
Bonferroni correction is used. The Bonferroni correction compensates for that increase

by testing each var i aldFeoatk) (8imes,i138é)n f i c an c
met abol omi cs vari abl es ar e i n t he hund
significance level might bacceptable 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 ohuman plasmavhich is acomplex matrix which renders level of
metabolitesamong individuas of the same group disease/control highly variahkk

this will affect the significanckevel of these variablg®unnet al, 2011) Hence for

human biological samples it is preferable to utilise a less stringent tool such as false
discovery rate (FDR)BenjaminHochberg defined FDR &s 6 tprbpertion of errors
committed by falselyejecting 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 commitleQ 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.

TheFDRofQisdefined o be t he e XBegamiiand Hoxhberg 199506 6

1.4.5 Data Interpretation
The interpretation of metabolomics changes and validation of practical conclusions
should be taken intaccount 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 malysplay no significant change in their levels between two
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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 biochemicainterpretation and validation of

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

specific conditions of the analysis model and biomarker validé8tuer, 2006)

The benefit of using metabolomics results combined walthway topological
measures is that it helpgth understandinghe relevance of each individual change
and makegathway analysis results interpretable. The interpretation of data is based
largely o statistical approaches that have been established in order to determine the
interdependencies between metabolites and metabolic pathway changes, such as
principal and independent component analySsholz et al, 2004) clustering
techniquegSumneret al, 2003) discriminant function analysisid multidimensional
scaling(Arkin et al, 1997) The computational methods are the essential key to make
the data visuatation and interpretation much easitr detectthe sgnificant
metabolites closely associated with #féectedbiochemical pathways or biological
processes. These procedurm® usedin assessthe impact of the unbalanced
metabolites wthin the ovefrepresented gthway as well as thaletection of
biochemical relationships between the componeMsgtabolomics researcher
currently have a wide variety of software tools at their disposal for the analysis of
metabolomic data &he pathwaylevel. Ahighly versatile pathway analysis tool which
arecentdevelopment is Meboanalyst. loffers a considerable rangeroétabolite set
analysis methodand providesheweb server to permit comprehensive metabolomic

data analysis, visugtion and interpretatiofXia et al, 2015)
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1.5 Analytical Tools

Theuse of different technologies and methodologies is reduir the metabolomics
approachbecause of the considerable variability of metabolites in their chemical
structures. Among theechniqguesmetabolomics analysis toolbox are metabolite
separation techques (e.gGC and LG and spectroscapdetection techniques (e.g.
Fouriertransform infrared spectroscogyS, and NMR), for determining metabolite

variations in biological sampléBettmeret 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 peddsg 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 D€pending on the nature of theadytes,
volatile compoundsan beseparated by gas chromatography; while the separation of
nonvolatile compounds, whether weakly ionisable or neutral, require high
performance liquid chromatography (HPL®&)obile phases in these techniques are
particularly significant in metabolome analysis and are selected depemdargeted
metabolites and samples, since the number of metabolites is not the same in different
biological samplesChromatograpiec resoluton and sensitivity is affected by the
nature of the stationary phase or column chemistry. The most commonly used columns

are silicabased or monolithic based for reverggthse (RRrhromatographic
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columns For RRHPLC of metabolite mixtui the mobile phse 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 gbslancompounds is easy,

but many metabolites such as polar amino acids are not retained in RP chromatography
(lwasakiet al, 2007) An alternative to RP chromatographyiglrophilic interaction

liquid chromatography HILIC), which may be silicdbased with ahydrophilic
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
sutable buffers The zwitterionicHILIC (ZIC-HILIC) column is being used
extensively in the metabolomic ik the sulfobetaine zwitterioni¢unctional group

coats the silica and so permits polar analytes to separafgrigioning into a
hydrophilic envionment (Jandera, 2008)Thus, the properties of the metabolite

establish the choice of separation tool.

1.5.1.1Normal Phase Liquid Chromatography (NPLC)

Normal phase liquid chromatography (NPLC) uses apwar mobile phase, such as
hexane, and a polar stationary phase, such as unmodified silica gel or silica gel with
diol, cyanealkyl, amidealkyl or aminoealkyl groupsattached, irorder to retain the

polar analytes. The commonest solvent mixtures argoptar solvents with a slightly

polar one as a modifier, for example hexane/ethyl acetate or hexane/isopropanol.
The retention mechanism involves polar compounds addabto the gtionary

phase more strongly than the roolar 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 thehéettar

wider applicability. In fact, NPLC has several limitations including: poor solubility of
polar analytes in the highly ngyolar mobile phases used; difficulty 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 thesagrobl
there has been an increased popularitiRBfsystems whose mode of separation is

opposite to that of NPLQNatson, 2015)

1.5.1.2 Reversed Phaséiquid Chromatography (RPLC)

This offers an opposite mode of operation when compar#teiwormal 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 (C4bonded taa silica support.

The RPLC type offers a reliable and excellent method of separation epalan
compounds as these can partition easily into the lipophilic stationary phase for
separation to occur. Howevéehe retention of the polar ones is a challenging process
in RPLC. Thesolution might be to use a high amount of water in the mobile phase,
however, this also leads to phase collapse, or phasettiag, and thus loss of all
chromatographic efficiency. This frequently results in unstable retention times and
poor resolutionof peaks resulting from poor wettability in highly @&pus mobile

phase composition®lajors and Przybyciel, 2002)

Page| 34



Polar analyte retention iRP chromatography may be possilfethe analyte is
ionisable and therefore can form charged species in a reasonable pH range. The
charged ions can turn be made for form neutral ion pairs with-pair reagents such

as alkyl sulfonates (if the analyte is positively chargedetvabutylammonium (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 tirdes alternative gproach to this is

the HILIC techniquéWatson, 2015, Ganmet al, 2012)

1.5.1.3Hydrophilic Interaction Liquid 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 manrieP tthromatography,

for example, whereas the organic solvent is the strong solvBfpartition, 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 incredd8 sensitivity inelectrosprayonisation

(ESI) mode due to increased ionisation efficie{@amaet 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 andomstituted folloving 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 leartroals

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 availabMany challenges such as column dvad

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 controllgMartin and Synge, 1977)

The main mechanism of separation in HILKCthe partitioning of polar compounds
between a layer of water adhering on the polar stationary phase and the mobile phase
that islesspolar. Theapproacheshat haveusedHILIC havedemonstratedhat the
retention time for polar compounds will be londglean for norpolar. Other factors
thatincrease retention times are: increased stationary phase polarity and decreased
percentage of water in the mobpéase The activity of column is impacted by the
partitioning effect between the ngolar mobile phase and an aqueous layer which
adsorbs omt 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 compositiGamaet al, 2012)

Due to the problemsof mixed interactions and the need to redime exchange
interactions in HILIC, zwitterionic phases which are charge neutral have been
developed. Th&ICHILIC, zwitterionic phasgis the least affected by pH change and
provides a totally different selectivity as well as it contains a stronglyichés
quaternary amino group) linked to a strongly acidic sulfonic acid group via a short
alkyl spacer (Figurd-3). Furthermore, the ability of zwitterionic phase surfaces to
form a hydration layer do not exhilstrongion exchange interactions because of

cancellation of the positive and negative charge eff§eberet al., 2008)
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Figure 1-3: The chemical structure (A) ZKEILIC and (B) ZIGcHILIC stationary phases.
ZIC-HILIC has a sulfobetaine functional group while Zt8ILIC 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 chemidahisation (APCI), and matrix assisted laser
desorptiorionisation (MALDI). Furthermore, there are different analysers for MS
such as quadrupole (Q), ion trap (IT), time of flight (TOF), and Fotnaasform ion
cyclotron resonance (FICR), in addition to the Orbitrap technique whigras
developed ( Kat aj amaa and The re@ajimdntal sezueiic® )for
measurements of the extent of mass accuracy the orbitrap mass amalygepicted

by Makarov and his colleagueshig. 1from their pape{Makarovet 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 Orbitsapich consists of three
major parts. The first part of LTQ system after the ionisation source is a bmeaap

which can produce MS and MSpectra (n=the number of steps of MS). The ions are
then focused in a quadrupole called th&&p due to it is like letter C shape. Finally

the ions injected into the third trap which is the Orbitrap. The ions taalijgmycle
around an inner electrode and are trapped by applying a suitable voltage between outer
and inner electrode@Makarov et al, 2006, Scigelova and Makarov, 2008he
Orbitrap is also available in the other commercial instrumentation such as the Exactive
which is an easyoi use benchtop LC/MS system that caraswee 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 Makaro\Gaig&lova

(Fig. 4) (Makarov and Scigelova, 2010h comparison with the LTQ Orbitraphe
Exactive Orbitrap cannotbe usel to do MS/MS because of does not have the
capability of performing selected ion fragmentation using collision induced
dissociation (CID).These diversities between the mass analysers caused by the
variationin thecharacterigcs of these analysers including mass resolving powass
accuracy, sensitivity, and capability of generating spectral fragment masses from
compound ions. In order to achiesephisticated and robust spectroscopy techsique
for metabolome analysis, soft ionisation methods such as photo ionisation (APPI) or
ESI have been added to improve MS syst¢Nmdstromet al, 2008) In order to
achieve the benefit from the highsolution, Orbitrap systems connect to liquid
chromatography equipment to enhance separationkofomvn 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 bothnailyaer and detector. Orbitrap mass
analyser work is described by Zubarev an
into the volume between the central and outer electrodes essentially along a tangent
through a specially machined slot with a compensaiébne ct r ode (a fddef |
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 centrifdgece. 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 ionsrdothe 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 Fouridgransformed into th&equency domain in the same way as

in Fourier transform ion cyclotron resonance (FTICR) and then converted into a mass
S p e ¢t (Zubarev and Makarov, 2013)IS has become a majtechniquein the
biomedical field through improvements in mass detectors becaukeiohbility to

detect low levels of compounds. Using a mass spectroroaigurovide structural
identity of the individual components with high molecular specificity and detection
sensitivity. The value of metabtdidata has beeenhancedlue tothe achievement of
accurate mass measurements by new technoldgy-Orbitrap and Exactivemass
spectrometrywhich arebeneficial 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, especialtg tguantative and qualiative 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 volatilisatince
volatilised, the mobilgphase, an inert gas such as helium or hydrogen, carries it over

a long column coated with a liquid layer whichhsstationary phase. The components

of the sample separaéecording taheir chemical and physical characterisbé¢ghe
stationary phasdhe gas mobile is inert so does not play a p#rthe affinity of the
component for the stationary phase is greater, it is held on the column longer. An
important factor in component identifying is ttheterminatiorof theretention time of

each compond on the colummnder particulaexperimental conditions. The sample
traverses the column to movetorthe next stage in which the compounds can be
detected by various detectors. The MS source where the separated components are
ionised by electron ionisan (El) is the first part of théMS. 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 rati¢Staufferet al, 2008)

Increased sensitivity, high chromatographic resolution and high specificity can be
achieved by linking MS with gas chromatograpkygure 1-4 shows a diagram of
GC/MS. An important role in GEMS 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 ioTOF 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 injeci@tasikantiet al, 2008) The popularity of GEMS in
metabolomics studies can be explained in part by its accurate and retiatgeund
identification and the high resolution separations achievable on capillary gas
chromatography columnsHowever, the variety of chemical structures and
concentrations renders identification of metabolites somewhat challenging. Rapid
progress in céohydrate chemistry has in part been accelerated by the G2 MfS.

Current research on carbohydrate such as sugar acids and sugar alcohols has made
ample use of these essential tools over the past ten(Yei&iand et al,, 2008)(Ruiz-

Matuteet al, 2011)

Sample ‘ Transfer o
P Source Focusing Lenses Mass Detector

Inlet \‘ Line
| " |

| !
=~ Oven [1 / !
| g S | :T‘ Mass Analyser ‘ i ,

Column
..‘v_ - '
! Vacuum
1 :
Gas Chromatography Mass Spectrometry

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 resolutionmassspectromety (HRMS) (e.g. TOF or Orbitrap systems) alare

not qualified toprovide identity information for metabolitesA chromatographic
separation is requiretb distinguish isomeric metabolites possilaied reduce ion
suwppression effects from the sample matfgrthis reasona coupling of HRMS with

the separation techniques, chromatographic methods such as GC ancbio@nnly
usedin HRMS-based metabolomics studi€Bheodoridiset al, 2012, Gikaet al,
2014) Dionex UltiMate 3000 LC Front End is one of liquid chromatographic
approaches can be used in metabolomics studies in compelling with an HR#S.
ultimate 3000 delivers high productivity and performance across the full range of
sample sizes, column dimeass, 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 versatilill the benefits, classical binary
to quaternary and dugradent micro systems, provided by this technology are
available to improve performance and productivikpproaches based on HIRMS
present greater complexityut result in a greater likelihood that potential biomarkers
will be observed where authentic sfands are unavailable or where the compounds
are unknown. The first pass in global metabolomics screens basedM6 p@bduces

a list of features. Accurate masses of these features canblsequentlysearched
against a database containing the accurass@saof metabolitd¥inaixaet al, 2012)

The first LC separation technique hyphenateth WIRMS and widely employed in
metabolomics studies was RP, although there exists a limitaitbnregardto the
retention and separation of polar metaboltesajor components in all biological

samples. There has been greater application of HILIC in recent Hixg&d
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metabolomics stlies (Cubbonet al, 2010, Zhanget al, 2012b) Furthermore, the
occurrence of iorsuppression is more likely in polar metabolites present at trace
levels.It has been reported thavlpr compounds can be separated by using HILIC,
generally the LC performance of amines, sugars, phosphates and organic acids seems
better under the conditions dhe ZIC-pHILIC column zwitterionic polymeric
column,which can be used at high pahdthesensitivity of ESFMS isincreased with

the use of an organic solvemth mobile phase. Investigation of practical concerns in
metabolomicshave been carried oytroviding information on the number of
repeatedly detected LEIRMS features, isomer separatiand the quality ofthe
chromatographic peak shagésasakiet al, 2012, Zhangtal., 2014) In general, the
accessibility of high quality data by using IMS techniques in metabolomic
applicationsrequires the control ainwanted deviationsThe undesirablgariations
which accompanies the analysis of biological samples such as blood, plasma, saliva
andurine by LGMS methodsancaused by eithamnwantedvariationor the specific
properties of the analysed samples wihaiddrelated to physiological facto(Edmands

et al, 2014) Control and corre@dn 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 d¢sahsce

an adequate answer oo biological queries andeducesthe impacts of biological
variationin orderto increase the accuracytbeanalysisThe possibility of conducting
both biomarker discovery and validation on the sptagorm with LGMS now arises

by means of the application of stable isotope techniqoesallowing relative
quantification between differentially labelled samples or, absolute quantification via

the inclusion of internal labelled standards atiple reaction monitoringDuring the
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last quarter century, hundreds of LC/Nd&sed metabolomics studies have sought to
detect and quantify many biomarkers in different animal and human biological fluids

(Denoroyet al, 2013)

1.6 Aims of Study

The current studgimedto apply and, in some cases, develop metabolomic profiling

methods for application to different human biofluid and tissue samples.

1. The first aim of this thesiChapter 3)is to conduct an explratory pilot study by
using anuntargeted LEMS method to expre the effects of aerobic exercise
challenge on the urirary metabolome of physically active individual&\n
untargeted LEMS methodusinga wellestablished HILIGMS procedurewill be
usedto accomplish the analysis.

1 The objectiveof this part of the studis determine whether or ndtthereis a
metabolite of metabolites whiarecorrelated to V@nax For this purpose?LS
modellingwill be usedto identify urinary metabok#swhich may be strongly
correlated with VQhax

2. The second ainfiChapter 4was to apply.C-MS basedintargetednetabolomics
to the analysi®f post mortem humahrain tissue will be performed by applying
anestablished L&MS-based metabolomic profiling method$e availability of a
unique library of pstmortembrain samplesvith extensive associated medical
informationwill allow investigaing of whether or not these samples might reveal

any underlying pathology which could be relateditgnostiadifferences
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1 The objective of this part of thetudyis to correlate metabolic profile with
different types of mental illnessndto determine whether or not theieean
overlap between metabolic perturbations in mental iliness and diadsetess
been previously suggested

3. Thethird aimwasto applya prevouslydeveloped reductivamination method to
separate the common hexoses fructose, glucose, galactose and naadinosee
identification of unknown sugars detected in posttem brain samples.

1 The objective of this part of tretudy isto further explore a proposéidk 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 cuent studyChapter 6vas to develop aovel strategyvill
be developedor the analyss of carboxylcontaining compounds, particularly
oxidised fatty acids, in biological sampleg ESILC-MS aftercoupling themto
cholinein order to enhance their detien limits via establishing a positive charge
on the molecules
1 The objectve of this part of the study t® enhance the detection of a range of

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

plasma preand postingegion of beetroot juice which is an ammxidant.
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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 producky a DirectQ 3 Ultrapure Water System from
Millipore, UK. AnalaR grade formic acid (98%) was obtained from Fishean8fic,

UK or from BDHMerck (Poole, Dorset, UK). Sodium chloride, ammonium
carbonate, ammonium acetate, ammonium hydroxide solutior83%) and all

standard used to evaluate the column werel@ased from Sigmaldrich, UK.

2.2 Biological Samples Preparation

The samples obtained from the subjects which were designated for each study were
collected in prdabelled sterilised containers. Thenopened containers were
transported by ice box to the laboratory to be store@QC to-80 C, according to
samples type, untdre analysednthe day of analysis, these samples were thawed at
ambient temperature for2hours before furthereparation for LEMS analysisThe

three typs of biological samplesvere urine, plasma and brain tissue in this study.
Metabolitesn these specimensgere extracted based type of studysamples as will

be stated in the subsequent chapters wherevacablefor 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 26°C. Four authentic stock standard
mixtures for 220 compounds wepeepared by mixing 1Q0 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 1@/ml. Thus, 440 posve and negative ions for these metabolite
standard mixturessdetailed in supplementary materf&hble 2S1), were later used

to determine the matched metabolites in biological samples. In order to avoid identity
confusion, isomers were distribute@ato different standard solutions andsaurce

fragments were also carefully verified.

2.4 Pooled Samples P reparation

Pooled plasma samples were prepared by taking &dquots from 10 randomly
selected noextracted plasma samples, metabolites w&teacted by transferring the

200ul to anEppendorf tube witlihe addition of 80@u of ACN. After vortexing the
samples were centrifuged at 100f@¥olutionsper minute (rpm) for 10 min. The
supernatant was then collected into a HPLC vial as a final aoltgiady for LEMS.

A pooled sample was injected at the beginning, in the middle and at the teedunf

to check for technical variation and to monitor the stability of the instrument@ton.
quantify the precision of the measurements, the relatinelatd 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 carbo(s® buffer, pH 9.2)
wasprepared byddition of 1.92g oAC to 800 ml of HPLCgrade 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 HRIgtadeACN only. The column used
was a ZIGpHILIC column (L150 x L.D. 4.6 mnmum, polymeric bead support) from

Hichrom Ltd, Reading, UKZhanget 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 a¢iA) in water (v/v), pH 3) was prepared by
addition of 1ml of acid to 800 ml of HPL-Grade water followed by mixing then was
completed to a volume to 1L with additional water. Mobile phase B ((FA% ACN

(v/v), pH 3) was prepared by addition of 1ml of acid to 800 ml of Hgt&tieACN
followed mixing then was completed to a volume of 1L with md@N, and thepH
adjusted using pH meter. The column used was an ACE @& (150 x 4.6mm,
particle size im, pae size 100A) from Hichrom Ltd., Reading URhanget 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 plses 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 continudysmonitored to ensure that it was below 2,000 pounds per

square inch (p.s.i). Injection volumeas 10ul per sample and chromatographic
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separations were performed on both ZBILIC and C18AR columns by applying

two separate linear gradient elutioftg 46 min as shown irfTables 2.1 an®.2
respectively aslescribed in sectiord5.1 and 25.2. For both separations, the same
operating conditions were employed for the ESI interface which was operated in a
positive/negative polarity switching mode. Whila the instrument, samples were
kept on a vial tray which was set to a constant temperatuf€dabvoid any possible

degradation of samples.

Table 2 1: Gradient elution programme applied for ZICpHILIC in {MIS analysis.

Mobile Phase A% Mobile Phase B% Flow Rate

Time (min) 20 mM AC ACN (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 GER in LGMS analysis.

Mobile Phase A% Mobile Phase B% Flow Rate

Time (min) 0.1% aqueous FA 0.1% FA in ACN (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 performean Dionex Ultimate 3000 HPLCconnected 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 wholaaintain enhancadstrument
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 spectrommgiwas tuned and calibrated in accordance with the manufacturer's
specifications using the Thermo Calmix standard solutions. The sigsNoiflimer
(2xACN+H) m/z at 83.0604 and 195.03765 foffeme 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 formaté#d), during each analytical run. The MS aracy was tested
using standarcanalytes with intensities betweet®* and 10 as calibrates. The
calibraton 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 a&h@ KV for negative mode.

The temperature of the ion transfer capillary was’@7&nd 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-Orbitrapis used to record fuican mass spectra and sequentiaf (A&S-

MS) activation spectra fronfow-resolution precursor ion selection. Fetlan mass
spectraareacquired in positivéon mode with a resolving power of 60,000. MS/MS

spectracan beobtained at35 V by using the LT®@Orbitrap, a parent ion intensity
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threshold of 10,000, and targeting the three most abundant species in-geifull

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 MZmine2 -14

All raw data files (Therme&Xcalibur format) were manuallyosted into folders
according tostudy groups. Then they were converted to mzxML files using an open
source software: msconvert (proteowizard.sourceforge.rfeblarity split was
processed by using the MZMIN split function to separate the Exactive's positive and
negative ion mass spectRriorto metabolite identification by MZmine-24. In order

to identify the metabolites in the processed data was searched against an in house
metabolite database as well describ@ént section (6-2). The procedureand the
setting of each step used in MZmiBd 4 are described belo@Pluskalet al, 2010,
Zhanget al, 2013)

1. Raw data import

Theraw datawereconvertedo mzML formatto beimportedinto MZmine.

2. Peak detection

Three steps including mass detection, chromatogram builder &ndmatogram
deconvolutionwere performed for peak detection as folkow

a Mass detection

A list of masses (ions) for each scan in the raw fiEtavasgenerated by the ass
detection module which oabe provided by many mass detectors. The appropriate
detector can be chosen depegdon the raw data characteristics such as mass

resolution, mass precision, peak shape and nbiseentroid mass detector was used
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for mass detection ithis study because of the raw data are alrezahtroiced, only
one algorithm (entroid mass detector) can be ugsltimajor three parameters of mass

detection including mass detector, MS level and noise level werelRgune 21.

14 Please set the parameters %

Add name pattem
Raw data files (input) Select files

11| Mass detector Centroid 14 Please set the parameters @

2| VS level q v \ 3| | Noise level 1.0E3

Mass list name

laam, | »

(0K | [“Cancel | [(Hep ||| [LOK [ Concs |[ Hob |

m
Figure 2-1. The setting of mass detection parametéigorithmis usel for mass detection

and its parameters. MS level of scamene for which the mass lists should be generated

a Chromatogram builder

The mass lists obtained from mass detection were used to buitthrireatogram
algorithm for each mass that can be detected continuously over the scans. For building
the chromatogramsnly MS level 1 scans are considered for chromatogram algorithm
whichworks 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 accordirthetaequired

parametergFig. 2-2) which were added to the final peak list.
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li Please set the parameters l&]

|| Add name pattern
Raw data files (input) — | Select files

[

Mass list Choose.

Min time span (min) |0.2

Min height 1.0E4
m/z tolerance 0.005 miz or 5.0 ppm
Suffix chromatograms

’ OK ” Cancel ” Help ]

Figure 2-2: The setting of chromatogram builder parameters.

a Chromatogranadeconvolution:

Chromatogram deconvolution module was conduttedstablishindividual peaks

when the detection of chromatograms by the chromatogram builder has been finished.
Due to several algorithmare provided fochromatograms have to be deconvoluted
into individual peaksthe choosing of deconvolution algorithm should be suitable for
study purpose. Algorithm of chromatogram deconvolutiothia study was local

minimum search Figure 2-3 shows the setting of chromatogram deconvolution

parameters.
Li Please set the parameters I&l
Chromatographic threshold 1.0 % 1
Search minimum in BT range (min) 0.3 2
Minimum relative height 5.0 %o 3
N
Minimum absolute height 1.0E3 4
Min ratio of peak topfedge 2 5
Peak duration range {min) 01 - 50 6

gl .
Show preview

[ Ok ][ Cancel ][ Help ]

b

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 ped 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 assotopes. Thus, only thenost abundantsotope is kept while the
additional isotopic peaks are removed from the peak list. Isotopes module which was
performed by isotopic peaks groupeei@topel) was set based on parameters as

explainedn Figure 2-4.

Lj Please set the parameters Léj

* | Add name pattern

Peak lists (input) Select peak lists

Remave

MName suffix deisotoped 1

m/z tolerance 0.001 miz or |5.0 ppm 2

Retention time tolerance 0.2 absolute (min) v | 3

Monotonic shape

Maximum charge 1 4

Representative isotope  Most intense  ~ | 5

Remove original peaklist 7]

I Ok I I Cancel ‘ I Help ‘

Figure 2-4: The setting ofle-isotogng module parameters.

4. Alignment
Join alignerwas used talign detected peaks in different samples through a match
score whichwas calculated based on the mass and retention time of each peak and

ranges of tolerance stipulated in the parameters setup @@dpge 2-5).
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-
|4 Please set the parameters

S |

Peak lists (input)

Add name pattern
Select peak lists
Remaove

[m | »

1

Peak list name

m/z tolerance 0.001 miz or 5.0 pem ]
Weight for m/z 20 2
Retention time tolerance 02 | absolute (min) = 3
Weight for RT 15 4
Require same charge state ||

Require same D =

Compare isotope pattern | Setup

[ OK ] l Cancel ] [ Help ]

Figure 2-5: The setting of required parametds thealignmentmethod

5. Gap fillin

This method fills in gaps in each peak list row by using the same mRTarahge as

other peaks in the ro(Fig 2-6). The m/z andRT ranges where the new peaks will be
sought are obtained using the ranges of the rest of the peaks in the sarmaow.
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 mRTalatiges.

g

p
|i Please set the parameters

=)

Peak lists (input)

Name suffix
miz tolerance

Remave original peak list

Add name pattem

Select peak lists

Remave

Same Rt and m/z range gap filler
0.001 miz or 5.0

O

1

ppm 2

(o] o ] L

Figure 2-6: The parameters setup dialog of gap filling.
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6. Filtering

Filtering module peak list rows filte(Fig 2-7), removes all rows in the selected peak
list that cannot achieve the user defined requirements. Teégsgements 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 pgak list
I.e. multiple peaks per rowvis filtered then the average of each 1®weak duration,

m/z andRT values are used to filter the row.

L
Li Please set the parameters (3 |
Add name pattern

Peak lists (input) @

Name suffix filtered

Minimum peaks in a row 15 1

Minimum peaks in an isotope pattern |1 2

i 3 [72.9998 - [1199 9869 Auto range

Retention time 4 30 - |300 Auto range

Peak duration range 5 0.0005 - [10.0

Parameter |No parameters defined ~ |

Only identified? =

Remaove source peak list after filtering []

I OK I I Cancel I I Help I

Figure 2-7: The setting of filtering modulgarameters

7. Identification

Identity of peaks were allocated based on the values of m/Randf the peaks
collected in custom database which previously designedrmmaseparated values

(CSV) format. The requirements of metabolites identification are stipulated in the
parameters sepudialog as show ifrigure 28. The filtered peaks were searched
against a custom database, house metabolite database, which are provided from four

common databases used for metabolites identificalioesecommon databasesed
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for this purposeare: (1) Kyoto Encyclopaedia oiGenes andsenomes(KEGG)

(http://www.genomep/kegs), (2) Human Metabolome Data Bas€HMDB)

(http://www.hmdb.cg| (3) METACYC Metabolic Pathway Database

(http://metacyc.org/and (4)LIPID MAPS (http://www.lipidmaps.org/

" Y
h Please set the parameters ﬂ
Add name pattern
Peak lists (input) Select peak lists
. Remove
Database file #iMain Custom Database. cav E 1
Field separator
(0]
m'z
Field order Retention time (min) 2
ldentity
Formula
Ignore first line ]
m/z tolerance 0.005 miz or |5.0 ppm 3
Retention time tolerance |20.0 :ahsolute (min) v: 4

| OK || Cancel || Help |

h

Figure 2-8: the parameters setup dialog of Identification method.
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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, Umea,
Sweden) for multivariate analysigTrivedi and lles, 2012) Additionally,

Metaboanalyst 3.0n(ww.metaboanalyst.ggXia et al, 2015)and Excel (Microsoft

Office 2013) were employed for univate and multivariate analysis

2.7.2 Pre-Treatment

Prior to multivariate analysis, L-81S 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
deviaton. The variation of QC samples around their meand€}\s expected to be

low since they areeplicates of the same pooled samp{@gqc was also calculated

for each of the putatively identified metabolites among the pooled samples,
metabolites witlCVqoc > 20% were rejecte@Vqoc applied as the last filter where the
metabolites were removed if only detected in less than 80% of the biological samples

in each defined grouf®unn et al, 2011)

2.7.3 Data Visualisation and Biomarkers | dentification

Prior to modelling the L&VIS data, Hotelling's T and DModx limits were employed

to detecsample 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 ;®fidnge line, plus critical
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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(Erikssonet al, 2008) On the other hand, a supervised model, orthogonal
partial least squaregiscriminant analysis, was employed to examine the differences
between groups while gkecting the systemic variationThe p values of the
biomarkers were corrected using false discovery rate (FBé&t)jamini and Hochbegr

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 variabé with VIP larger than 1 has more contribution in explaining y and vice versa
(Chong and Jun, 20054lIso0, unreliable metaboligecan be filtered by jaeknifing, a
method for finding the precision of an estimate, by calmndahe confidence interval

(Cl). The 95% Cl was calculated for each metabolite based oskiaiekof uncertainty

which estimates the prediction error ratesdxh onthe 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 withiapues > 0.05 and / or 95 %l C

crossing the zero point were filtered out
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2.7.4 Diagnostics and Validation

Diagnostics and validation of dataodelling by PCA and OPLSA models were
performed by internal and external diagnosis tools. In internal valid#t®nariance
predictedQ? (Cum) and variance explaingf (Cum) were employed as internal
validation tools for supervised and unsupervisaddels. The R represents the
percentage of variation explained by the model whiénQicates the percentage of
variationin response to cross validatichhe R 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 (orthogonalTéves®
represents quantitative measure of the goodoédg and its value limited with
minimum explanation (0) to maximum explanation (1). The goodness of model can be
inferred through the rising of?Ralue to be close to the maximal value of one, whilst
reduction this value to zero indicates to poor modeless the value of Qnore than

0.5 and close to a high’?Ralue (close to 1), a large gap betweeérnaRd & values
indicate poor model, model that cannot predict, and problems with var(siitetey

and Powes, 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 SIM&Aa permutations test was applied to
evaluate whettr 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 -@2lues to the left are lower than the
original points tothe right or regression line of the @®ints intersects the vertical
axis (on the left) at, or below zero. Note that thevRRIes always show some degree

of optimism. However, when all green Ralues 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-BMOVA which corresponds to fhypothesis of
equal cross validated predictive residual of the supervised model in comparison with

the varidgion around the meafrikssonet 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 describes@attion 27-3. 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 themlyges, 95 % Cl of mean
difference, corrected-palues andVIP. Firstly, pvalues and 95 % Cl of mean
difference were caldated for selected high VIP metabolites to be filtered. In this
filtration, a metabolite was filtered out if it had a palue > 0.05 and / or its 95 % ClI
crossed 0. Secondly, ®ted metabolites were processed by using Metaboanalyst in
order to obtain a@rrected pvalues(Xia et al, 2015) The metabolites which had a p

value (corr) > 0.05 and/&fIP < 1.0were excluded from significant metabolites list.
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Chapter 3
Metabolomic Profiling of the Effects
of Submaximal Exercise at a
Standardised Relative Intensity in
Healthy Adults in order to determine
markers of physical fitness related to

VO 2max
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Abstract :

Ten physically active subjects underwent two cycling exercise trials. In the first,
aerobic capacity (V&hay 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 exercisglday 2), and the day after (day 3) the submaximal exercise test (12 samples
per subject). Metabomic profiling of the samples was carried out using HILIC
column coupled to an Orbitrap Exactive mass spectrometer. Data were extracted,
database searched and then subjecteBG8 and OPLSDA modelling. Thbest
resultswere obtainedfollowing normalisatio the metabolitesn each individualto

their mearoutput over the five urine samplea days 1 and 2 of the triptoved the
accepting of the current normalisation approathis approachallowed PCA to
separate the day 2 first void samples (D2S1) from the day Zegestise 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 D18 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 megtbolites 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 oxninohexanoic acid (OHA) as being

strongly correlagd with VOmaxwhen the levels in the D2S3 samples were considered.
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3.1 Introduction

Physical activity and exercise have a major impact on héadthiset al, 2014)and

can reduce the incidence of several diseases including cardiovascular disease (CVD)
diabetefWHO., 2009)and mildto-moderate depressid¢Barriset al, 2014) The

World Health @ganisation has reported that CVDs are the leading cause of mortality
(17.5 million deaths) followed by diabetes (1.5 million deaf¢HO, 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 glucos&%o), 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 inactiyitn developed countriesScotland is
among the least physically active countiiBgilly et al, 2014) equates to 1.5%8%

of total direct health care costRegular &ercise which is relatively inexpensive
cannot only modifybut also, more importantly, improve the overall quality of life and

life expectancy(Scarboroughet al, 2011) There are uncertainties, however,
connected with the duration, frequency and intensity, as well as the optimal type of
exercise fompersons 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, agsstjife and body mass index
(BMI) may be relevant in solving this issueck of regular exercise mayegatively
impact on human health and may libe cause of disability or disrupt numerous

abnormalities disorders such mgntal illnesshormones disordemflammation and
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oxidative stresgJackaet al, 2012) The use of metabolomidsased techniques to
directly investigate the effects of exercize the human metabolome, can lend new
insight into novel phenotypic responsesvhich may lead to personalised training
regi mes related to an i (bdiisetal,201d4)l 6s 1 ni t i
In the last quarter centurthe greater availability of NMR, G®IS and improved LE

MS techniques was reported in the majority of untargeted metabolomics studies on
exercise and some studies which focused ondptermined pathways such as the
metabolic effects of exercise on steraietabolism, purine metabolism, and oxidative
stressA 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\ariety ofexercise regimes becomes apparéhere

are manymetabolomicshased studiesuggest that exercise has a clear effect on the
human metabolome atownin thesmaller study by our laboratory gro([paskalaki

et al, 2015b) Thesestudies used several analytical metabolomics techniques to
determine the changes in the levels of metabolites and deancbvel biomarkers

Some of these studi@scluded themeasurement aderobic capacitys an indicator
associated withthe impact of exercise othe human metabolic pathwayerobic
capacity is the/O2max Which refers to the use of oxygen to adequately meet energy
demands during exercise via aerobic metabolidowever, thechanging in urine
metabolomics before and after the acute various exercises was one of the main goals

for several of metabolomics studies in clinical field
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3.1.1 Urine Metabolom e

Urine has long been used as one of the most important biologicaltbuaentifyand
monitor a variety of diseases because of some of its physical chaedwari
Clinically, some of pathological conditions such as jaundice syndrome (JS), diabetes
(DI), haemolytic anemia and uraemia syndrome, can be predicted by thdl sime
colour of urineg(Bouatraet al, 2013) Additionally, the vast amount of biomarkers in
urine, ease of collectiaimelarge amounts of sample and lower urinary protein or lipid
content encouraged métaomics researchers to use urinary metabolic profilirtheas
important clinical diagnostic togZhanget al, 2012a) Metabolomics studies reported
that the estimabin of metabolite biomarkers in urine samples is more advantageous
thantheir estimaton in other biological sampleEllis et al, 2007) Therefore, the
discovery of novel biomarkers through the application of urine metabolomics has
become a key element in metabolomics research whichdsensliagnosis of disease
states and therapeutic efficacy.

One of common uses of LMS include analysis of human urine dtglsuccessful use

in urine metabolomstudies 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 ssicimano acids,
organic acidssulphateand glucuronide conjugates, and sugars contained in human
urine(Zhanget al, 2012c) However, chromatographic performance of LC conditions
with regard to repeatability and liaety for urinary metabolites in untargeted
metabolomic studiesvere reviewed by Iwasaki and his colleag(legsakiet al,

2012)
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Nasrallah andAl-K h a |l i d i (1964) citedritdhaacitdepumic
urine samples posixercise was first observed in the early 1900s by BijNasrallah

and AlKhalidi, 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(Mashegcet al, 2007) Forrester and Lind (1969), in their reseancthumas,
investigated theole of ATP content from venous effluent of the forearm muscle after
exercise (i.e. 10% and 20% maximeluntary contractions), and demonstrated a
comparative increase in ATP pastercise as against resting valy&sanget al,

2013)

Recently, metabolomics studies have been improved to beofottee important
approaches tadentify tthe reliable biomarkers which contribute diagnosis and
treatment of diseasedrinary metabolomics has been evatattdsone of analytial

methodfor detecton of many of chronic diseas¢&hanget al, 2013)

3.1.1.1 Purine Metabolism in Metabolomic-Exercise Studies

Most recurrent observatiord the effects of exercis®cusuponthe effects on the
purine pathway in both acute and prolonged exercise regirhesmé&tabolic effects

of exercise on purine metabolism were frequently reported in ex@stisebased
metabolonics studies(Neal et al, 2013, Pechlivanist al, 2010, Pechlivanist al,
2013, Sheedwt al, 2014) More specifically the greater efficiency o$alvage of
hypoxanthine a purine derivative and intermediate in the adenosine metabolism,
among trained individuals has been observed in several pap#rs field asin

relation tothe important role of ATP in muscle function during exer¢3edzinska
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et al, 2010, Sahlinet al, 1999, Zielinskiet al, 2013a, Zielinskiet al, 2011)
ResearcherBavemonitored changes in purine metabolism in loiggancerunners
during their yearly training cycliéarough @creases in levels of pestercise xanthine
together with higher levels of the salvage enzyrmgpoxanthineguanine
phosphoribosyl transferasd GPRT). The resulting principal observation in the study
indicated that training produced reduced excretion of hypoxan{ieknski et al,

2009) In another studyhe same authors then undertook a comparison ofléyg
sprinters and triathletes, establishing that reduced hypoxanthinedegatsed among

the trained grinters, 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 trgiielgski

and Kusy, 2012)Finally, significant changes in purine metabolism with time were
only recorded after higimtensity exercise in their training schedules, there being no
significant change subsequent to constant-iltensity exercis (Zielinski et al,
2013Db) It is interesting to note that in a study comparing triathletes, sprinters, middle
andlong-distance runners, low peskercise hypoxanthine levels corresponded with
performance far more than lactate levels and aerobic capawstyimal oxygen

consumption(VO2may).

3.1.1.2 Oxidative Stress in MetabolomieExercise Studies
Oxidative stress may plagn important role in the development of complications and
may be associated with metabolic changes which may due to acakbgragration
of ROSand increases in oxidative chemical modification of lipids, DNA, and proteins

in various tissuegLiu et al, 2011) Correspondinglythe levels of antioxidants and
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lipid peroxidation productsvere measuretlefore and after submaximal exercise in
two groups, resistandeained and nomesistancdra n e d mal es - El ev
t ocoph-&oobph-earotehe, and lycopene (fat soluble antioxidants)
concentrations after exercise were noted. In both groups, the concentrations of the lipid
peroxidation products malondialdehyde and conjugated dienesalgerbigher after
exercise A switch from xanthine dehydrogenase, which uses nicotinamide adenine
nucleotide (H) as a cefactor, to xanthine oxidase, which uses oxygen asfadaor,

was classified as one tfe mechanisms for exerciseduced freaadical formation
(Ramelet al, 2004, Subudret al, 2001) The oxidative stress related with free radical
activity resulting from the exercise appears to be better tolechtedg moderate
intensty exercise in the trained subjecks.their article, Vollaard and his colleagues
reported evidence suggess 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 exercigesaisgesponsible

for increasd oxidative stress reaons(Vollaardet al, 2005) Thus, among a number

of mechanisms which may cause free radical production during exercise is increased

Vozmax,

3.1.2 Metabolomic profiling of Exercise Urine Samples as A
Predictor of VO  2max :

VO2max IS @ measurement of capacity akeé advantage aixygen or the maximum
level of oxygen consumption by individuals during maximal aerobic exercise. It has
beenused asa useful tool for predicting cardiovascular aather mortality causes

(Sousaet al, 2015) Given that cardiorespiratory fitness is strongly associated with
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morbidity and mortality outcomeg€arnethoret al, 2005) assessing the effects of
exercise on the human metabolomeynatso yield vital diagnostic and prognostic
indicators for clinicians. Cardiorespiratory fitness is trumnmonlyexpressea@sthe
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 V@haxis also a primary determinant of endurance @germperformance
(Joyner and Coyle, 2008) positive correlation between \sgaxwith tryptophan ad
metabolitesrelaed with increased tryptophasuch as kynurenatgyasevident in a
study of individuals after running a 2énZile Boston marathonas identified by
Lustgartenet al. (2013). In another study, amy differences were noted between
persistently physicallgctive and inactive individuals in the circulating metabolome,
with results demonstrating a better canaietabolic health im morephysically active

twin (Kujalaet al, 2013) Based orthe studies mentioned previoustythe literature

of similar study by our laboratory groufpaskalakiet al, 2015a, Daskalaket al,
2015b) there have been very few comprehensive L&dSed investigations utilising

an untargetedmetabolomics methodhat examine the acute effects of exercise
Meanwhile, new prospects are becoming available in understaailapveragehe
metabolic changebecause othe high resolution and high throughput monitoring
systems. However, directly iegtigating the effect of exercise on the human
metabolome, via metabolomitgsed techniques, has the potential to provide new
insights into novel phenotypic responses and might allow personalised training

regimes that are reflective of the initial metabskatus of each individual
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3.1.3 Aim of Study

Conducting an exploratory pilot studyy using an untargeted L®S method to
explore the effects of aerobic exercise challenge in theanyrimetabolome of
physically ative individuals was performed The primaryaim was to establish the
effects of exercise on the humametabolome using a bout of exercise that was
standardised to a relative intensity. The secondaryvaa® to explore potential

predictive markers for Véhax

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 DireQ 3 Ultrapure Water System (Millipore, UK). AnalajRade
formic acid (98%) was obtained from BDBMerck (Poole, Dorset, UK). Four
authentic stock standard mixturésr 220 compoundsvere prepared as $tal
previouslyin section2-3 and diluted 4 times with ACN before LIS analysis.

Ammonium carbonate was purchased from Sigkttaich, UK.

3.2.2 Subjects and Experimental Design

Tenhealthy recreatioally active adults, two females and eigtdles, volunteeredand
provided written informed conee to participate in the study. Participant
characteristicsuch as ge stature, weight and aerobic capacitystrewn inTable 3

1. Ten participants werentered into the study and thissapproved by the ethics

committee of theschool of Science and Spoldniversity of the West of Scotland.
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Participants recruited eve staff and students frothe University of the West of
Scotland,Hamilton Campus. All procedures were conducted in accordance with the

declaration of Helsinki.

Table 31: Participant Characteristics. Values are mean + 3D;number of subjects; F,
female; M, male; aerobic capacity (¥, and maximal cycling work rate (WR).

Participant Characteris
Nu mb(eN St at V Q max

(F/M)AgeY: (cm)Weigh(ml-}/kt’rgi‘) WRma x( W)

~

10 ( 28.3|168 68. 53 197 N| 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 V&hax and the second was a 45 min submaximal exercise test.
Urine samples were colited the day before, the day ahd the day after the
submaximal exercise te@ftigure 3-1). Participants were asked not to exercise 24h
prior to the maximal test and for theration 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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Day 2

“Exercise”™

Ho

1998

Key

| = Urine Collection “A.E.” = Aerobic Exercise (“60min)

Figure 3-1: Indicative representation of urine collection schematic. The first urine sample on
each day was the first pass after waking (typically 6&am)urine sample was collected at
mid-stream on each time

3.24 VOgzmax Test

On their first visit after standard anthropological measurementsy@hdmaximal
cycling workrate 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 untikt participant could no longer maintain a
cadence of 5@m 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 breathia indirect calorimetryMedgraphics, Milan, Italy) and analysed for
respiratory variablesThe indirect calorimeter was calibrated immediately prior to
each test using calibration and reference gases (calibration gas: 31 2% @Q;

reference Gas: 21% »00% CQ). Volume was calirated using a 3L syringe.
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Following data collection, Véhaxdata was filtered to delete values that were less than

or greater than the rolling seven breathean + two standard deviations. All ten
participants obtained a plateau in M (as determined by a rise in ¥&x of <50%

of the expected increase for the given MR fulfilling the criteria for VQmax
Smoothed data was subsequently averaged over a rolling seven breath mean and the

largest value obtained was determined asthepac i p a&ft 6 s VO

3.2.5 Submaximal Test

Participants cycled on an electronically braked cycle ergomelightand moderate
intensitiesfor a total duration of 45 min. The exercise protocol comprised of a 5min
warm up at 50W, 15 min at 40% of W (established from the initial V4axtest),
15min at 50% WRax and 10 min at 60% WRx Heart rate and expired gas were

continuously monitored throughout as previously describagction 3.2.4

3.2.6  Sample Collection and Preparation

120samples obtained frothe subjectsverecollectedat mid-stream omifferentdrop-

off points (Fig. 31) and moved orprelabelled sterilised urine containershe

unopened urine containengeretransportedy ice box to the laboratorty be stored

at -20°C until analysis On the day of analysis, these samplesre thawed at room
temperaturén order to bgreparedfor L&MS anal ysi s. Urine (200 :
mi xed with 800c¢]l of ACN, fmpmfloweIImibry; c&(
of supernatanivas then transferred to a LC atgampler vial (Thermo Fisher, UK).

The instrumental variation was also minimised by running the 12 samples for each

subject in block$ollowed bypooled samplePue tothe final normalisation is subject
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specific, rather thn being based on the full cohort this reduces the impact of technical
variations in a long run. Samplegredesignated as follows D=day, S=sample number
within a day e.g. D1S1 = dayl sample 1. Pooled samples were interspersed throughout
the run to checkor technical variation. Within the blocks of 12 the sampbeseach
participant ten pooled samplewere randomised. Fogtandard mixtures containing

220 standards ere run alsavith the sampleetails of theurinesampledor LC-MS

running aderaregiven inTable 3S1in supplementary dat&#ppendix1).

3.2.7 LC-MS Method

LC-MS data were acquired on Diondédltimate 3000 HPLC (Thermo Fisher
Scientific) coupled to an Exactive Orbitrap (Thermo Fisher Scientific) in both positive
and negative mode set 80,000 resolution (controlled by Xcalibur version 2.1.0;
Thermo Fisher Corporation). The mass scanning range wa&im 200, the capillary
temperature was 32C and the sheath and auxiliary gas flow rates were 50 and 17
arbitrary units, respectively. Tleeparation was performed on a ZEILIC column

(150 x 4. 6mm, 5em f r onbindfyg@dientonode. TResed di n g
mobile phase wagA) 20 mM ammonium carbonate buffer (pH 9.2) gBJ pure

ACN; the fl ow r A fThe gradiest we @rogramddr. 46rnimas

shown inTable 32. The injection volumewas 30L and t he sampl e tr
was controlled at PZ during the measurement. Samples were run in a stratified
method with between subject samples placed in ran@oimisder.Due to The
Exactive Orbitrap does not have the capability of performing selected ion

fragmentation using collision induced dissociation (CliD)cannotbe useal to do
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MS/MS. ThereforeMS? spectra were obtainedith CID (35V) by using an LTQ

Orbitrap under the same conditions descriipeskction 25-4.

Table 32: The gradient programme

Time Mobile Phase Flow Rate
(min) A% B% (ul/min)
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 fronthe LC-MS approach were converted to mzXML file
(ProteoWizard) and separated into ESI positive and negative. Converted mzXML files
wereprocessed by using m/z Mine 2.(Rluskalet al, 2010)andsearched against an

in house metabolite database order to identify the metabolitesGraphical
representations, tabular features atdtistical analysis (palue 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. Thievided a subjeetpecific
normalisation within the neexercise and exercise days. All subsequent metabolite
responses, pairedtest and fold changes (ratio) were conducted on new data set.
SIMCA-P version 14.0 (Umetrics, Sweden) was used for multiagaalysis which

includedPCA, OPLSDAand OPLS. The data were centred, and Pareto scaled for PCA
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and OPLSDA and OPLS in order to generateplts for visualisation of the
components with significant influence in the datadetS-plot, the metabolitesaf 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 VORax at 40%, 50%, and 60% of Wi was 21.2+ 2.5 mL/kg¥/min?,
25.8+ 2.5 mL/kgYmin?, and 30.8+ 4.1 mL/kg}/min?, respectively. The mean HR
duringthe submaximal exercise test was ¥152.8 bpm, 15& 14 bpm, and 162

13.6 bpm and 40%, 50%nd 60% or WRax respectively.

3.4.2 Metabolite Profiling

Longitudinal sampling of urine provides a nmvasive method that provides rich data

sets produces samples with greater volume than plasma as well as containing higher
concentrations gfarticular metabolite over the period between samplings. In contrast,
evan if plasma is taken frequentlyt, will always represent an open system where
taking a sample at a slightly different grmight give a different answen this study

a 37h protocolvas usedFigure3-1) in order to generate an understanding of the acute
effects of exercise and the duration of that response in the metaboliteiafil
addition sampling on the prexercise day allowed observation of metabolite

variations occurring as a diurnal rhythithe output from data extraction followed by
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searching against the data base yielded metabalitiet were identified to MSl levels

1 or 2(Sumneret al, 2007)according to either exact mass (with <3 ppm dewm or

exact mass plus retention time matching to a star(dafule 2S1).

Figure 3-2 showsthe PCA analysis of the raw unormalised peak area data for the
comparison of the day 2 first (D2S1) and third (DZB& postexercise) samples.
Therewasno classification of the samples by P@Aen the raw data was used as the
basis of the modeind it wasalsonot possible to fit an OPLSDA model to tldata

set.

Thus in order to compare metabolites on the same axis the areas for each metabolite
acrossall the timepoints for day 1 and day 2 were averaged for each individual and
then eachmetabolite area at each tirpeint was divided by the average to give the
proportion contributed to thetal outputduring the day. Thiapproach was similar to
thatused in previous studyf our groupand was discussed at some length in that paper
(Daskalakiet al, 2015a) Figure3-3 showsthe PCA separation of 19 out 20 samples

in the currentstudy 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 w&latialyticalrun which may due to

the fault in collection or preparation of sampleis clear that there is a marked
difference in metabolite profile between the two grodje same comparison day

1 between the first (D1SHBnd third (D1S3) samples of the day, where there was no
exercise interventiordid not yield as clear cut a separation although there was some
evidence of division into two sample typ@se PCA model shown ifigure3-4 gave

a clear separatiowhenoneird i vi dual 6 s onsdaypereexcludedd®m

the model
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Table 3-3 summarisesunivariate comparisons for all the metabolites that are
significantly changed between D2S3 in comparison with th¢$&3of the day ZD2)
samples and D1S8ith the rest(S1)of the dayl(D1) samplesOPLSDA models of

the data were made order to get a clearer picture of the differences between the first
and third samples on day 2 and day here are a large number of changes suth

models emphasise the importanc&ey variables as VIPs

4

2¢+0054 D251 @

D253 @
1.5¢+005

1S.mzML i
1 ..m mzML i 12.mzML f’. .
1e+005

27.mzML fi

50000 ’ mzMLfi @S mzMLfi
) 37 mM "
i s/.mzML
] @osmzML

0 e TiER : 105.mzML §
1 S1.mzMUVH@™

-50000 a1.mzML fi@ s-s.rﬂ.;»m.L‘. 78.m
! 55.mzML i X
] 68.mzML i@ i @121.mzML§
~1e+005 @ 5mzMLf

-1.5¢+0054

t[2]

i @128 mzML |

@133.mzML 1

-2e+005

Y

-2.5¢+005+ : -
-3e+005 -2e+005 -1e+005 0 le+005 2e+005

t
R2X[1] = 0.283 R2x[2] = 0.166 Ellipse: Hotelling's T2 (95%)

Figure 3- 2. PCA comparing2S1(green)and D2S3blue)samples based on the peak areas
for the raw data (umormalised) The samples are labelled according to Tabl®13as shown
in Appendixl.
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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
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Figure 3-4: Separation of day 1 first void (D1%fteen) and third samples (D1$®8ie) by
using PCA (R2X (cum) 0.536, Q2 (cum) 0.263, three components).
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Table 33: Summarises univariatenparisons for all the metabolites that are appeared in comparison between first sareptesedSt3) with the rest of samples in both days

(D1 and D2).

Metabolites Day 2 (D2) Day 1 (D1)
o RT | Name S3-S1 S3-S2 S3-5S4 S3-S5 S3-S1 S3-S2 S3-5S4 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 | 4971 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 | 0935 | 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,N6Dimethyladenosine 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 Tetrahydroaldosteroneg-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-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 asomer | 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)
- RT | Name S3-S1 S3-S2 S3- 5S4 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 | Dihydroxyoxo-cholanate 0.004 | 0.441 | 0783 | 0.924 | 0.144 | 1582 | 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 | 0597 | 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 | 1581 | 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 | 0519 | 0598 |0.804 | 0.944 | 0983 | 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 | 0490 | 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 | 0522 |1.433 |0.032 |5781 |0.074 |0.762 | 0.311 | 0.807 | 0.251 | 0.813 | 0.206 0.707
246.992 | 12.8 ggmg?xy;wmny|acem:acm sulfal o 020 | 1.442 | 0005 |1.652 |0.000 |2.339 |0.000 |1.852 |0513 |1.212 | 0374 |1.292| 0375 |1.258 |o0.785 | 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- 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

hydroxyphenylethyleneglycolsulfate

Pyrimidine metabolism
111.02 | 15.3 | Uracil 0.013 | 1.230 | 0.005 | 1.222 | 0.001 | 1.325 | 0.048 | 1.166 | 0598 | 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 | Glycylleucine <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)
. =7 | Neie S3-S1 S3-S2 S3-54 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 | 0547 | 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-FormytL-methionine 0.010 | 0.504 |0.568 |1.152 |0.945 |0.984 | 0.723 | 0911 | 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 ggxggg;gBJneﬂwFZOXO 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-Acetylcitrulline 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-Hydroxyl-tryptophan isomer 0.058 | 2.245 |0.111 |1.900 |0.476 |0.775 | 0.374 | 1.424 | 0530 | 0.952 | 0.973 | 0.998| 0.209 | 0.875 | 0.383 | 0.914
221.092 | 10.7 | 5-HydroxyL-tryptophan 0.017 | 0592 | 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-AcetytD-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-Glutamy}taurine 0.001 | 0434 | 0512 |1.235 |0918 | 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- 54 S3- S5 S3-S1 S3-S2 S3-5S4 S3-SH

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 coefactors
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 | 2,5Dihydroxybenzoate 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-(3,4Dihydroxyphenyl)actate 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 OEig8re 3-5) obtained by using
OPLSDA fa classilying D2S1/D2S3 sampleS§he cross validation plot indicated a
strongmodel as can be seenhkigure 3-6 where all the points for the blue squares are
below the blue square on the right and the plot intersectsdhes yoelow 0, and the
CV Anova score fothe model was 0.002Blowever, a clear separation was also found
between the D1S1 and D1S3 sampleshown irfFigure3-7) and the cross validation
model for this was also godtigure 3-8) wherethe CV ANOVA for this model was
0.00097 Thus the composition of the metabolitesifime varies markedly throughout

the day whether exercise is used as an intervention or not.
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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 D2S4&2S3 by OPLSDA.
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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.

Page| 87



A
- B o 0w
_—"'——' B Q
0.57 a“.—“'
[ |
0
-0.54
,'] -
-1.5 T T T T T T T T T T T L
-0.2 0 0.2 04 0.6 0.8 1

200 permutations 1 components

Figure 3-8: Cross validation of the separation of D1S1 and D1S3 by OPLSDA.

Figure 3-9 shows an $lot highlighting the featurewith the most impet (largest

VIPs), table 3S2 on the OPLSDA model for the D2S3 and D2&nmplesin many

cases, exact identity of these features is poorly defade of the metabolites match

the retention times of analytical standards or are well known urimatgbolites.
Figure 3-10 shows an $lot highlighting the features with the most impactthe
OPLSDA model for the D1S1 and D1S3 sampsdisted inTable 3S3 However,

some of the important changes in metabolites between the equivalent time points on

dayl and day 2 are similar.

Table 3-4 shows the metabolites which are important in tiRLEDA modelfor the
D2S3 and D2S$ampleshown inFigure 3-5 in comparison withtheD1S1 and D1S3
samplesshown inFigure 3-6. The highlightedmetaboliteshave beendentified with
some confidence, the majority havergdues < 0.05. Applicatioof the Benjamini-

Hochberg FDR statistical te@enjamini and Hochberg, 1995, McDonald, 20d4th
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Q = 0.1 and including 1000 metabolitadicated that all metabolites with avplue <

0.05 can be regarded as being significantly chafgexiving exercse.
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Figure 3-9: S-plot for OPLSDA model of D2S3 vs D2S1 highlighting the metabolites listed in

Table 3S2 The blue colouhas a highp (corr) which means a very high reliability while the
red has a high model influence partly due to its high variance in the dataset.
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Figure 3-10: Splot for OPLSDA model of D1S3 vs D1S1 highlighting the metabolites listed
in Table 3S3.The blue colour has a high (corr) whichmeans a very high reliability while
the red has a high model influence partly due to its high variance in the dataset.
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Table 34: Metabolites differing between D2S1 and D2S3 in comparison with D1S1 and D1S3.

* Matches retentiortiime 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 sampl es. y Same
retention time much earlier. *** Application of the Benjarifochberg false discovery rate

with Q = 0.1 and including 1000 features in the test indicated thatvalues < 0.05 are
significant.

Polari D2S3D2S1 D1S3D1S1

m/z Rt | Metabolite
ty P value*** | Ratio | P value*** | Ratio
Purine Metabolism
P 137.046 | 10.8| *Hypoxanthine <0.001 3.75 | 0516 0.832
P 152.057 | 13.1| *Guanine 0.02 2.56 ha na
N 167.021 | 13.5| *Urate 0.015 0.748 | <0.001 0.534
N 181.037 | 10.8| 1-Methyluric acid 0.01 059 |0012 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 0.01 233 | 0012 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 | <001 0.491
P 312.13 | 9.2 | Dimethylguanosine 0.90 0.983 | <0.003 0.562
Steroids
N 367.158 | 3.9 | Testosterone sulfate | 0.04 157 | 0319 1.23

Tetrahydroaldosterone

N 539.25 | 6.7 Jucuronide <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 0.02 219 | 0867 1.04
N 151.061 | 13.6| *Xylitol or isomer 0.016 0.734 | 0.036 0.617
N 163.061 | 9.9 | * Rhamnose orisomer | 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 0.05 070 | 0126 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
Hydroxybutyric acid

N 182.997 | 17.0 sulfate <0.001 2172 0.519 1.133

P 198.113 | 16.8 | *Metanephrine 0.082 3.000 0.074 0.762
Dihydroxy phenyl acetig

N 246.992 | 12.8 acid sulfate of isomer 0.020 1.442 0.513 1.212

N 261.007 | 10.5| Homovanillicacid sulfate| 0.142 1.397 | 0.857 0.932
Methoxyhydroxy

N 263.023 |85 | phenyiethyleneglycol | 0-071 1.385 | 0.405 0.833
sulfate

Fatty acid conjugates

N 202.109 | 5.8 © Ay droxy ;o 176 | 0238 1.276
glycine

P 218.139 | 6.0 | Propanoylcarnitine 0.03 0.360 | 0-363 1.124

P 288.217 | 6.4 | Octanoylcarnitine 0.5397 1.115 1 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 camitine 0.01 156 | 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 | 0078 0.512

N 407.281 | 6.6 | Cholic acid <0.01 034 | <001 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 | <0.01 023 | <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 <0.01 076 | 0879 1.05

P 132.102 | 11.3| *Leucine 0.030 0.593 | 0.061 0.675

N 148.043 | 14.0| *Methionine <0.01 0.5 | 0061 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
**N -Acetylornithine

P 175.108 | 9.3 | Y <0.01 070 | <0.01 0.566
Isomer

N 187.072 | 11.4| * N-Acetylglutamine | <0.01 067 | <001 0.628
**5 -Hydroxytryptophan

P 221002 |68 | yiryptop 0.06 2.24 | 0530 0.952
Isomer

N 214.028 | 14.0 | Chlorotyrosine 0.04 200 |<001 2.91

N 216.099 | 11.8 | N-Acetylcitrulline <0.01 060 |<001 0.570

P 219.134 | 13.7 | Carboxyethyllysine <0.01 0.65 | <001 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 | 0820 1.064

P 189.123 | 13.6| Glycylleucine <0.001 072 | 0001 0370

Vitamins and CoNfactors

b 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 studgf laboratory grougDaskalakiet al, 2015a) While some of

the changes were consistent witkatedprevious 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 thahaprevious study

and the subjects were in a narrow eggge. he additional measure which wasde

in the currenttsidy was the determination 9O2maxfor each of the subjects.

OPLS modelling was used to predict ¥ from the metabolic pattern in urine post
exercise A weakly fitted model was built by using the D2S3 and fourth sangiles
day 2(D2S4) and thewliscarding variables of low importance with VIP values < 1.
There seems to be no standard wapudd such models and it is easy to be misled
with regard to theirobustness when several variakdes used. It is quite surprising
how easy it is for software to fit a model based on even a few variables the
number of samples is low. Eventually, by reducing the number of variables, it was
possible toproduce a ot of predicted against measure VO2max based on a single
putatively identified as being asxoaminohexanoic acid (OHAFigure 3-11). The
correlation of predicted VO2max and measured VO2against normalised level of
OHA gave R = 0.8589. The formula for the marker compound matdhatl of 11
compounds in MTLIN databasgScripps, 2016)lthough there are no MS/MS
spectra for any afhese compounds in the database. Only seven of these compounds
have an amine group which woulé required for the retention time to be 13.2min on
the HILIC column as observed for the curreampound. Three ohe isomers occur

in the lysine degradation pathway. The marker is an abuedargound in urine and
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two main isomers of it occur in urine with the marker compound therlateing of

the pair of isomers (extracted ion trdagure3-12).
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Figure 3-11: Plot of measured against predicted VO2max against normalised levels of OHA.
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Figure 3-12: Extracted ion trace for OHA isomers in urine comparing a prel postexercise
sample for samples D2S1 and D2S3 for a subject with VO2max 53.4.
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The MS2 spectrurfFigure3-13) showed losses of formic acid and water, confirming
the presencef a carboxylicacid group followed by loss of a hydroxyl group but not
much else. Since it seeméitely that this marker compound was in the lysine
degradation pathway, another model wasstructed to include all the metabolites
present in the samples identified ortadively identified asbeing in the lysine
degradation pathway according to the database search. Although it was godgible
apparently strong models using several of these variables it was clear from the non
significant CVANOVA scores that using se@rvariables produced owtting and

the majority of thepredictive power belonged to OHA.able 3-5 shows all the
predicted values for VO2max based dmaar plot of the normalised levels for OHA
for each individual in each sample collected on day2.D2S3 samples have the best
predictive power although some of the other data pointpradictive and this was
generally in the case for the samples that did not have a strong spike ip@a3#A
exercise and hence are those with lowerWfvalues. Tha, clearly, the most
important markerof VO2omax is the compound putatively identified as OHA. The
candidate marker compound was a#ssessed by using an alternative method of
normalisation based on absolute peak areas. Itolvasrved that the OHA isomer
remained relatively constant between D2S1 and D2S3 in compaoSORIA. The
plot shown infigure 3-14 is plotsVO2maxagainst the following ratio:

(Area OHA D2S3 Area OHA isomer D2SB/ (AreaOHA D2S1 / AeaOHA isomer

D2S)

This simpler treatmemroduces a plot with R2 = 0.654. Although the R2 value for
this plot is not agood as the peak area normalised to individual metabolic othmut

gives some confidence that thleservation is not an artefact of the datatpeatment
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which introducesdditional smoothing into thdata. Thus, OHA shows some promise

as a predictor of VO2max.
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Figure 3-13: MS2 of oxoaminohexanoic acid obtained with a collision energy of 35V.
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Figure 3- 14: Plot of (areaOHA D2S3/area OHA isomer D2S3f¢a OHA D2S1/area OHA
isomerD2S)).
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Table 35: Predicted VGmnaxvalues for all samplesf day-2 based on normalised response for

OHA.

Primary 1D Set (N)oArI_rLAe\llised Level \’\;lce)?:ired \F;gii::ed
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 GSD2S3 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 40.7 449
54 DM-D2S1 2.544 38.2 59.6
27 GSD2S1 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 1.989 335 541
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 GSD2S2 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 _ Measured | Predicted
Normalised Level | VO 2max VO 2max
80 MC-D2S2 1.419 335 48.4
39 MW-D2S2 | 0.948 43 43.7
132 NS-D2S2 1.320 47.9 47.4
103 CE-D254 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 D254 0.867 48.3 42.9
89 JW-D2S4 1.014 41.7 44 .4
10 LM-D254 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-D254 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 GSD2S5 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 meantwaatpossible to distinguish metabolites
which had diurnal variation from those affected by exer@tsgure 315). The level

of exercge 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 studyThe samples were run in blocks of 12 samples for each individual
with thesamples randomised within each block (Tab®&13. 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
instrumetal effects in relation to earlier or later blocK$ie bad classification of the
samples by PCA in this study (Figur&pwas in line with previous results in the pilot
study for our grougDaskalakiet 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 obdebse others that creatinine
normalisation is not always effectiyRyanet al, 2011)

Comparing the compounds responsible fa separation between D2S1 and D2S3,
the postexercise samples have higher levels of the purine metabolites hypoxanthine,
guanine, deoxyinosine, inosine and xanthosine. Increases in purine metabolites
following exercise been observed for many yedtisoaghthe focus is usually on
hypoxanthindDudzinskeet al, 2010, Sahliret al, 1999, Stathist al, 2006, Zielinski

et al, 2013a, Zielinski and Kusy, 2012y a very recenstudyconducted by our groyp

it wasobservedhatthe same wider effect on several purine metabolites as is observed
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in the current datgDaskalaki et al, 2015a) None of the above purines are
significantlychanged between D1S1 and D1S3 and acid levels decrease between
D1S1 and D1SBridbusespensigo obviously re
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 obh&s 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 sewagktarnitines are significantlgecreased
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 andruher 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 rigsvialj exercise previously and

this is the case in the current study where there is an increase between D2S1land D2S3
whereas there is a decrease between D1S1 and D1S3. It has been proposed that
increased levels of pantothenate might indicate increasedewsuarit for CoAbut it

is more likely that this indicates inhibition of CoA biosynthesis which is tightly
regulated by pantothenate kinase (PK) actiyiDansieet 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 excessAB@d 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 glycolystseases between D2S1dan2S3 but

there is no change between D1S1 and DIZ®IE 3-4). Increased lactate indicates
that not all the pyruvate produced by glycolysis can be used by the Krebs cycle which
mainly produces energg the form of NADH which has teeoxidised via the terminal
respiratory chain to yield ATP and thus requires oxygen. The adrenaline metabolite
metanephrine is elevated p@&tercise as is methoxyhydroxy phenylethyleneglycol
sulfate whichis also a metabolite of adrenalinecreases in adrenalimaetabolites
postexercise have been observed previoudyacken et al, 2009) Gamma
aminobutyric acidGABA) levels are lower after exercise and the GABA metabolites
oxobutanoate and hydroxyl butyratelphateare elevated. Dihydroxyphenyl lactate,
dihydroxybazoate 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 reportedgxestisg Daskalaki

et al, 2015b, Lustgarteet al, 2014) These metabolites were not changed between
D1S1 and D1S3. Testosterone sulphate is elevated betweh @@ D2S3 which
might reflect anncrease in testosterone levels pesgrcise which has been obssd
previously and linked to increased anabolic metabg(3avio et al, 2010) Similarly

the hydrocortisone metabolite tetrahydroaldosterone glucuronide is elevated post
exercise andeflectsthe factthat hydrocortisone is strongly involved in energy
metabolism and it has been propogskdt it is directly involved in nitric oxide
production(Gatti et al, 2005, HafezMoghadanet al, 2002, Tremblagt al, 2004)

There are three bile acids which are important in #pgasation between D2Sland
D2S3. Two of the bile acids agtucuronide conjugates and such conjugates are used

to remove excess bile acids from the body. In the current case the levels of the
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conjugates fall thus indicating and possibly and increased defoatde 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 itsitotiesearly
morning since none of the other time pointgha S1 differ significantly fromtime
pointsthe S3in 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-Bydroxy typtophan which was found to be elevated in
previous studyDaskalakiet al, 2015a)and carboxyethyl arginine (CEALEA is an
advanced glycation end product that has been observed previously to dugorain

urine and plasm@alderaset al, 2013, Laiet 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 syntbaise

et al, 2010)in which case its presence in the body whasodilationis required may

not be desirableAll these chages in metabolites are shown in diagrammatic

biochemistry summary (Figure1®).
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Figure 3- 15: a diagrammatic model of the biochemidiny metaboliteddiffering between D2S:

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 postexercise samples based on P&#alysis whereas without using this approach
the separation was npbssible

Althoughmany of the changes which can be seen in the current sterd@pbserved

in relatedprevious studyDaskalakiet al, 2015a) there were also moreewchanges

in microbialmetabolites, amino acids metabolites, acyl carnitines, and steroids. The
current resultclearly revealed the impact of exercise on established markers for
exercise such as hypoxanthine and inosing, in addition, many other compounds
were affected by exercise. In order to differentiate metabdhis/ary througlout

the day and those affeed by exercise the metabolites which varied duringhtive
exercise day were evaluated. Some of these were the same as the metabolites changing
on thenon-exercise day such as bile acid metabolites but there were many metabolites
which were affectednly by exerciseThe observatiosmiof metabolic marker which

may be correlated with V&axwasof great intereshn presenstudy Thus apotential
predictive marker for V@nax was identified but further trials will berequired to
determine whether or notighis an artefact of the large number of metabolites available
asvariables. The approach of collecting longitudinal urine samples is simple and non
invasive and thebserved output givesreal sense of metabolism in action and could
have a role in assasg overallfitness and diagnosing underlying diseagech could

be related to metabolic differences
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Chapter 4

Metabolomic Profiling of Post -Mortem
Brain in order determine diagnostic
markers classifying different types of

mental illness
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Abstract

Metabolomic profiling was carried out on 53 pasbrtem brain samples from subjects
diagnosed with schizophren(8), depressioriD), bipolar(B) disorder diabetegDI)

and controlgC). Chromatography on 2ICpHILIC column was used with detection

by Orbitrap mass spectrometry. Data extraction was carried out with m/z Mine 2.14
with metabolite searching against amnousemetaboliteslatabase. There was no clear
discrimination between the controls and theB3amples 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 samplésu(R®.976, Q2
(cum) 0.671, pvalue of the crossalidated ANOVA score0.0024). 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 samplefiouit compromising the
model (R2 (cumpP.850, Q2(cum)0.534, pvalue for crossvalidated ANOVA score
0.00087). There appes 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 schizophre&), depressior{D), and bipolar(B)

disorder EDB) is commonS has a European prevalence ofi@%%,D 3.1 10.1%,

andB disorder 0.21.1% (Wittchen and Jacobi, 2005)hese conitions are a major
burden on the heaktare 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 e&fgvalue 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 th®veickertet 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 thasing absolute labellingCorrigan, 2007) The
significance of lowmolecularweight metabolites in driving or reflecting the aetiology

of psychiatric disease has been researched for many years using serum samples that
are a pragmatic choiceorf diagnostic testing and, additionally, brain tissue to
investigate the central pathologi@ickard, 2015)In the past 10 year$/S-based
metabolomics has evolved as a method for profiling a wadge of lowmolecular

weight metabolite¢Gika et al., 2014, Zhang and Watson, 201§)etabolomics is a
natural fit with metabolite profiling in mental iliness where, for many years, targeted
analysis was carried out in order to profile, for instance, biogenic amines in order to
determine whether oron abnormalities in their levels might be causatBearchett

and Hicks, 2006)There have been several studies which have carried out metabolomi

profiling in mental illnesgKoike et al, 2014, Liuet al, 2015, Kadduraibaouk and
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Krishnan, 2009, Yangt al, 2013, Yaoet al, 2010 etalD20klgHedt 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 humamgrtetn brain
samples although there was a study which examined disturbed glucose metabolism
postmortem brains from psychotic patier{Regenoldet al, 2004) In the current
study, the availabilitgpf a unique library of pognortem 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 studyasto 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 hypothEsiss, the established LEMS-

based metabolomic profiling metho@hanget al, 2013, Zhangt al, 2014)will be
appliedto determine if it was possible to individually classify healthys, D and B
brains. The obser vat-likofeaturedin tiiosea@inasddovithi ¢ s y r
mental illnesgNewcomer, 2007prompted 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 babéshed 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-gradeACN was obtained from Fisher Scientific, UKmmonium carbonate,
ammonium hydroxide solution (R80%), acetic anhydride, pyridine, and methanol
were purchased from Siginaldrich, UK. HPLC grade water was produced by a
Direct-Q 3 Ultrapure Water System from Millipore, UK. The mixtures of metabolite
auhentic standards were prepdfrom standards obtained from Sigidddrich, UK,

as previously described standard preparation section3R

4.2.2 Post-Mortem Brain Samples

Postmortem brain samples were obtained from the Sudden Death Bank collection held
in the MRC Edinburgh Brain and Tissue Bankkese samples westored at80°C

for longer ternstorage Psychiatric diagnosis annotations for each sample were made
by detaled 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
researcher REC 2003/8/37)The University of Strathclyde Ethics Committee also
approvedhe local study of this materidlUEC101123)Details of the brain samples

are given inTable 4-S1 in the Appendixl. The information regarding the brain

samples is summarised Tiable4-1.
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Table 41: Summary information for the different groups of brain samples.

Group Number | Male Age Mean age | Female| Age | Mean age
(M+F) | (M) range + RSD (F) |range| +=RSD
Control 21 18 26174 | 47.4+29.5 3 42160| 50.7+17.8
Schizophrenig 11 10 25169 | 44.4+34.7 1 40 T
Bipolar 6 1 48 T 5 39157| 45.6+16.2
Depressive 7 4 24i74 | 47.5+49.1 3 20i57| 60.3+33.7
Diabetic 8 8 2069 | 44.9+35.2 0 i i

4.2.3 Sample Extraction
The brain sampleserestored ad°C for immediate use or aB0°C for longer term
storage.For extraction,sampls of brain tissuewere thawed and the®0 mgwas
homogenised in ice cold methanol/water (1:1, 1.5 ml) using a handheld Lab Gen 7B
homogeniser. The samples were thentdfuged at 16,000g, 15 mir?@ to remove
any insoluble materiakhenthe supernatant was removed and the pellet reserved for
further extraction to remove lipidd.ipids were extracted from the pellet with
chloroform/methanol (3:1, 1.6 mlYhe methanol/water extract was driedder a
stream of nitrogen @&7°C and redissolved in20Qul ACN/wate (80:20 and then
analysed byICHILIC and ZICpHILIC chromatographylhe chloroform/methanol
extract was dried nder a stream of nitrogen at %7 and redissolved in either

methanol/water (1:1, 2Q0) prior to chromatography caaC18 column.
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4.2.4 HILIC T HRMS 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@Ll) was injected onto a ZKBHILIC column (150< 4.6 mm,

5um; HiChram, Reading UK) with mobile phase A: 20 mM ammonium carbonate in
HPLC grade water (pH 9.2), and B: HPLC gr&d&N. The LC and the MS conditions
were as described previoudly the HPLC conditons, section2-5. Samples were
submitted in random order for LMS analysis, and pooled quality control samples
were injected at the beginninm the middleand at theend of the experiment to
monitor the stability of the instrumentatidrourauthenticstockstandardnixturesfor

220 compoundssee section-3, were run inorder to calibrate the columBue to the
chromatography of lipids are only weakly retained on the ZICpHILIC column and
there is no separation of isomeric specdiagheranalysis ofthe polar extract and of

the lipophilic extracts were carried out on a ZICHILIC column (258.6 mm, 5um),
ACE C18 column (15& 3 mm, 3um), and an ACE silica gel column according to

previously described metho@hang et al, 2012c, Zhenget al, 2010)

4.2.5 Analysis of Sugar Acids and Polyols by GC ~ -MS

The individual standards for the polyols (10§) were treated withacetc
anhydride/pyridine (1:1, 1Q0) for 30 min at 78C. The reagent was removed under a
stream of nitrogen and the sample waglissolved in1lml of ethyl acetate. The
individual standeds for the polyol acids were treated with methanol @ioimg 1%

HCI for 30 min at 76C, 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 (11, 1 ml) containin@ug/ml of pinitol internal standard, centrifuged and

the supernatant was removed and evaporated to dryness stithaan of nitrogen at

70°C and treated as for the polyol acids except that the residue-dssoé/ed in 0.2

ml of ethyl acetate. G®MS analysis was carried out on a DSQ -G®IS system
(Thermo FisheScientific, UK) fitted with a GL Sciences Inert Cap 1 MS column from

Hichrom, ReadingUK (30 m x 0.25 mm x 0.25 um film). The oven was

programmed from 18 to 32¢C at C/min. The MS was operated in El mode at
70 eV. For quantification of the sugarshrains selected, ion monitoring was carried
out for ions at m/z 217, 200, 187, 145, 142, and 140, which are typical fragments of

alditol acetate$Ruiz-Matute et al, 2011)

4.2.6 Data Extraction and Metabolite Identification

MZMine 2.14 (Pluskalet al, 2010)was used for peak extraction and alignment, as
previously describenh data extractiomnd processinmethodgsection2-6). Putative
identification of metabolites was also conducted in MZMine by searching the accurate
mass against thouse databas@ other data bases asntionedabove section2-6.
Background peaks present in the blank were removed in MZmine before transferring
the dda 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 inhe brains of schizophrenic patients because of theiregédblished
tendency to smoke much more than the general popul@miacket al, 1998)and

ethyl sulphate which is from alcohol metabolism. The K€ data were extracted by
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using Sieve 1.3 (ThermoFisher Scientific UK), and the ions corresponding R¥the

of the sugar standards were extracted in aalbéuild the OPLSDA model.

4.2.7 Univariate and Multivariate Analysis

All data processing, including data visualisation, bioraai#tentification, diagnostics,

and validation was implemented using SIMCA software v.14 (Umetrics AB, Umea,
Sweden). Prior tanivariateandmultivariate analysis, data welRareto scaled where

the responses for each variable are centred by subtracting its mean value and then
dividing by the square root of its standard deviatiBartel et al, 2013, Yancet al,

2015) Univariate comparisons were carried out in Excel. All subsequent metabolite
responses, pairedtést and fold changes (ratio) were conductech o)ew data set.
Multivariate analysis were applied by SIM@Aversion 14.0 (Umetrics, Sweden) for
data modellingn order to buildan unsupervised arglipervisednodels PCA was

used to providasan unsupervised model in order to explore how variables clustered
regardless Y clas@NVorley and Powers, 2013DPLS 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 emplimyedamine the difference
between groups while neglecting the systemic varigt@mnan et al, 2012) The p
values of the biomarkers were evaluated for their significance applying the false
discovery rate statistiBenjamini and Hochberg, 1995Yariable importance in the
projection was employed in order to indicate the contribution of each variable in the

in a given modetompared 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 contributiaxplaining 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)diQates

the predictive ability of the model, a large discrepancy between R2 and Q2 indicates
overfitting of the mode{Westerhuiset al, 2008) A permutations test can be applied

to evaluatesupervised models whether the specific grouping of the observations in the
two desigmted classes is significantly better than any other randoopmrg in two
arbitrary classedn SIMCA-P, this testindicatesthe refitted modelsvhen all the Q2
valuesare lower than the original Q2 valu@Vheelock and Wheelock, 2013)he
criteria for validity for OPLSDA models tested via crasdidation are that all blue
Q2-values to the left are lower than the original p®io the right or the blue regression

line of the Q2points intersects the vertical axis (on the left) at, or below zero. The R2
values always show some degree of optimiEnbaet al, 2015) However, when all

green R2values 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-sagtated ANOVA (CV-
ANOVA) which corresponds to Hhypothesis of equal crosmlidated predictive
residuals of the supervised model in comparison with the variation around the mean

(Wheelock and Wheelock, 2013, Erikssairal,, 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
(Figure4.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 cleacut differences described below were not observed. This again supports
the choice of ZIQHILIC as the best method for analysis of polar metabolites in
metabolomics screerfZhanget al, 2014) The ZICHILIC mobile phase produces a
higher background which includes abundant sodmmmat cluster ions and thus ien
suppression isqientially more of a problem. In addition, the chromatographic peaks
for many metablites are widethan onZICpHILIC and the retention times from run

to run are less stable which produces a greater challenge for the peak extraction
software. This may beug 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 separatiofisomeric species.
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4.3.2 Comparison of Control and

Schizophrenic/Depressive/Bipolar/Diabetic Brains Using PCA

Metabolites were identified to MSI levelsor 1 (Sumneret al, 2007)according to

either exact mass X ppm deviation) or exact mass plus retention time matching to a
standard(Table 2S1). As a result ofdata filteringand univariate analysis’55
metabolites from positive and negative ion modes were combined and used to build
multivariate models. The s®les set was selected by our collaborators at the sudden
death brain and tissue bank to give us the best sasgtl@vailable from samples in
storage for making a comparison between controls, mental iliness, and diBloetes.

to the uncontrolled facto@re 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 D sampleswere treatedas one group to compare against controls.
Comparison of the data from SDB and DI sampléhk controls(C) using PCA did

not yield a clear separation of these diagnostic cated@iigsre4-1). In order to rule

out variation inlevel of technical precision across tl® h required to complete the
analysis, a pooled sample: {B) was prepared by combining 5 x4®f extract
randomly selected from each sample type. Replicates were run as follows: P1 and 2
near the beginning of ¢hsequence after runningvo blanks and fou standard
mixtures, P3 after 20 h, P5 af@9 h, P4 and 6 at the end of the rumigB6 h. As can

be seen irFigure 4-1, the pooled samples all lie towards the centre of the PCA plot
and individual sample poisfare 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.
pooled sample used to check instrument stability over time.
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4.3.3 Comparison of SDB and SDBDI Samples against Controls
Using OPLSDA

When the DI samples were omitteml compare between SDB and C grqupsvas

found that 36 of the 4&vailable SDB and control samplgse footnote tdable 4

S1) could be combined where 19 SDB samples were compared against 17 control
samples to produce a strong OPDR& model (R2(cum) 0.976, Q2(cum) 0.671)
explaining 96.7% of the veation in the samples with scomponentgFigure4-2). Q2

> 0.5 is generally accepted as being indicative of a robust model and the model gave a
permutations plot where allghpermutated Q2 values the left are lower than the
points on the right{Figure 4-3) ard the line plot intercepts the-axis below 0
(Westerhuiset al, 2008, Wheelock and Wheelock, 2013, Trdtaal, 2015) This
preliminary modebased on 755 metabolitess used to inform the selection of the
samples founivariate stasitical comparison by excluding eigkemples 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 strong metabolic signature associated with mental iliness overriding
these confounding factors which apply to both control and affected samples.

Table 4-2 shows the univariate statistical comparisons for the metabolites with VIP
scores >l in the preliminary OPLSDA model. All of which are significantly different
according to a twdailed ttest and FDR statisticgpplication of the Benjamiifi
Hochberg procedure with a Q value of (Benjamini and Hochberg, 199%ased on

755 metabolitesndicate all P values < 0.0Ofvere significant. A complete list of
significantly different metabolites based on univariate comparison of the 17 controls

and 19 SDB samples is givenTiable4-2.
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Figure 4-2: OPLSDA model (R (cum) 0.976, Q2 (cum) 0.671 aBikcomponents) of control
(n=17) compared to SDB (n = 19) brain samples based on 755 metabolites from positive and
negative ion modes
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Figure 4-3: Permutation plot for the OPL-BA model compared to control and SDB brain
samples based on 755 metabolites from positive and negative ion modes as drigwrein
4-2.

Page| 119



Table 42: Metabolites with high impact on the LOB# modelkeparating control (17) from

SDB (19) samples. * Matches retention time of standard. ** Retention time does not match
that of the standard. Application of the Benjamithbchberg procedure with a Q value of 0.1
indicates that the critical threshold for agarding a P value as being significant is 0.05.
N=negative ion and P = positive ion.

m/z Rt Metabolite VIP | P value | Ratio
min. SDB/C
N130.087| 11.2 | “Leucine/isoleucine 8.3 | 0.0041 | 1.34
N 13.6 | “Orthophosphate (carbonic acid adduct o 7.5 | 0.0050 | 1.17
96.9698 chloride)
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-AminobutanoatéGABA) 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 10.0038 | 1.30
N181.072| 14.3 | "Sorbitol/mannitol/iditol/dulcitol 2.6 | 0.0022 | 1.99
P 258.11 | 14.9 | "snglycera3-Phosphocholine 2.2 10.0415 |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 1,2cyclic 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-aspartylglutamate 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 | Hexoseg(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 leveis tha
the controls. The other neutral lipophilic amino agdsh agroling phenylalanine,
methionine tyrosine,andtryptophan also have high VIP valuek4.2, 4.0,2.8, 1.7,

and 1.3, respectively. Theamino acidareelevated in SDB brains and areporntant

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
metaolites, putatively identified according to the IMS analysis as sorbitol,

gluconic acid, and erythritol, in the SDB samp(€able 42).

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 betwen age and metabolitg&igure 4-4) and there was no overlap
between the metabolites used to discriminate the control and SDB brains and those
which discriminated agéTable 43). The major changes with age were related to
decreases in unsaturated fattyidacin 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 43: 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)] 52,82,11Z,14Zeicosatetraenoi( -0.47 | 10.98
N91.04 10.6 | Glycerol -0.55 | 8.69
N281.249 4 [FA (18:0)] 9Zoctadecenoic 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-Pyrroline3-hydroxy-5-carboxylate -051 |54
P116.071 13.2 | L-Proline -0.41 | 4.47
N253.218 4 (92)-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 | snglycera3-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 snglycera3-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-methytH2-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)] 11Zeicosenoic 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 destribed
Figure4-5. Two of the diabetic samples (M and DI8) were extreme outliers and
were excluded from the initial PCA pl@Eigure 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 notdithe new OPLSDA
model. Six of the diabetic samples could be classified with the SDB sa(Rgaes

4-5), R2(cum)0.850, Q2cum)0.534andp-value for crossvalidated ANOVA score
0.00087 to increasehe significance of the ANOVA scaréhelargedecrease 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 m@dkleelock and Wheelock,
2013) The permutations plot is shown kigure 4-6 indicates a stron@PLSDA

model to compare between control and SDB brain samples based on 755
metabolitesThe addition of the diabetic samples to theded produced some change

in the VIP values but basically most of the discriminating metabolites are the same
(Table 42) which is perhaps not surprising since the model is strengthened by addition
of these samples. However, when the univariate comparegsensxamined most of

the metabolites with high VIP values in the model did not have significaatues

when theDI samples in the model are compared with controls.
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metabolites from positive and negative ion modes.
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Figure 4-6: Permutations plot for the OPLISA model compared to control and SIDBbrain
samples based on 755 metabolites from positive and negative ion modes shown irSigure 4
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Thus, the similarities between diabetic and the SDB braingared with controlée

in the covariance of the set of important marker compounds shovable4-4 rather

than in the absolute levels. Leaving besamples 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 unclassifiedut borderline to the SDB class.

Table 44: Metabolites with high impact on the model separating controls from SDB brains
combined with diabetic brains. * Matches retention time of standard. **riletetime 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 **Qrthophosphate (chloride carbonic acid addug 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 Deoxysedoheptulose phosphate 2
N121.041| 7.3 *Nicotinamide 1.8
P241.129| 16.6 Anserine 1.5
N121.051| 12.1 *Erythritol 15
N145.014| 13.5 **2 -Oxoglutarate 15
N241.012| 17.4 D-myo-Inositol 1,2cyclic 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 addudt 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 metaboljfégure 4-2) has been
built focusingon more limited list of metabolites than those liste@iable4-S2 When
the reduced list of 12@etabolites with low Falues(Table4-S2) was used to prepare
a PCA model, it was clear that the SDB samples contained subgktiepsrchical
Cluster Analysis (HCAwas used talefinethe samples into groups will have similar
characteristicswhich can give an insight in the situation under investigatoih be
different from those in other grouigure 47 shows the PCA modelcorresponding
to the HCA plot, as shown irFigure 4-S2, to define a clear subgrougréengroup)
containing nine SDBsamples schizophrenic depressiveand bipolar, were quite
different from the controland the rest of the SDB sampl@fie metabolites defining
the subgroup are shown ifable 4-5. This supports the proposal that there are

similarities within the SDRByroup since the sufroup contains all three classes.
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Figure 4-7. PCA model (R2X=0.68, Q2X=0.283 and five components) based on the
metabolites with Rralues <0.0Ftable 4S2)when the control and SDB samples are compared
and hierarchical cluster analysigig. 4-S2)is used to define subgroups.
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Table 45: Important metabolites defining the sgloup d nine SDB brains shown in Rige
4-7. *Matches etention time of standard. **Does not match the retention time of the standard
therefore is an isomer of the named compound.

m/z RT Metabolite P value | Ratio | VIP
min SDB/C

P 305.098 | 17.2 | *N-Acetylaspartylglutamate 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-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-AcetytD-glucosamine <0.001 |14 1.99
N 180.067 | 13.4 | *Tyrosine 0.001 1.44 1.97
P 277.031 | 12.6 | *Phosphagluconate isomer 0.003 0.06 1.92
N 171.007 | 15.4 | *Glycerol 3phosphate 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 | GammaAminobutyrytysine 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-DeoxyD-altro-heptulose 7 0.002 0.49 1.47

phosphate

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
N145.014 | 6.3 | **Oxoglutarate isomer 0.031 3.91 1.35
N 159.103 | 4.9 Ethythydroxyhexanoate 0.002 2.95 1.35
P 169.097 | 11.3 | *Pyridoxamine 0.001 1.53 1.34
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4.3.8 Refining the OPLSDA Models

Better understanding disease pathology in mental illnesshe purpose of this study
and thus the ideal outcome would be a list of metaboliesedto the disease state
With a high number of variables, there is the danger of overfitting and although the
OPLSDA modelsshown inFigures4-2 and4-5, performed well in crossalidation
tests, there might still be some doubts with regard to their validity. Thus, the
control/SDB OPLSDAmodel wasestablished based @samoving 68 of the lowest
priority variablesandretaining variables that caused a redhrcin the @ (cum) score

of >0.06 when removedsigure 48 shows he reducedOPLSDA model which could
acconmodate 38 out of the original 4amples based on tmeportant 120netabolites
shown inTable4-S2 The crossralidationfor this modelwhich had a C¥VANOVA

score of 0.000@nd the permutation teistshown inFigure4-9. In thereduced model,

the branched chain amino acid valine dmiminobutanoateGABA, retain their high

importancg Table 46).

Table 46: Marker compounds resulted of the OPLSDA model shown in f&g* &#or the
38 samples used in the model.

m/z Rt Metabolite P-value* | Ratio* VIP
(min) SDB/Control
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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The same process of variable reduction was applied to the conidif&idB model
which includedsevenof the DI samples and resulted invalidatedmodel based on
important 120metabolites into which 45 out of 53 samples could be fiftts model
included sixof the diabetic sampleexceptDI1, shown inFigure4-10is validated by

a CV-ANOVA score of 0.00001and permutation test as showrnAgure4-11. The
metaboliteobtained from thigontrol/SDBDI OPLSDAmodel(Figure4-10) arethe
same as thosextracted fronthe previouscontrol/SDB OPLSDAmodel(Figure 4-8)
except that the VIP values for each metabolite were diffexerghow in table-Z.
Removing the DI sampés and using them as a prediction set resulted in six of the
samples being classified with the SDB group and one of the samphgsdiessified

with the controls.
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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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Table 47: Marker compounds resiriig fromthe OPLSDA model shownkingure 4-10.
* For the 45 samples used in the model.

m/z Rt Metabolite P-value* | Ratio* VIP
(min) SDB/Control
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 th& and SDB brains. The commercially available
sugar alcohol standards were run on the ZICpHILIC column and isomeric compounds
were found to ceelute or elute closely and thus were not distinguishable from each
other.In this study, aGC-MS method was develogeor the analysis of the sugar
alcohols which were converted into their acetates after initial treatment with
methanolic HCI to esterify the acidic groups in gluconic and gulonic acid. The
retention times for the available standards are showalite4-8. Figure 412 shows

the separation of some the polyols present in brain tissue in comparison with a mixture
of standardsin this Figure 4-12, the major polyols present were erythritol plus an
additional unknown tetritol, ribitol, arabinotol, xydit glucmnic acid, and sorbitol
Figure4-13 shows OPLSDA separation o€ and SDBDI 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-BD&mples compared to 15 control
samplesThe crossvalidation for the modeby permutation teshdicatesthat there

was a robust discriminatiobetween groups as shown kigure 4-14. Calibration

curves were prepared in the rangBL@ug for all the sugaalcohols against|®) of

pinitol which was used as an internal stand@idure 4-S3 and Table 4-S3). The
calibration curvesdata Equation of the lineand R-squared (R value on chart
extracted fronthe calibration curved-igure 4-S3, aredetailedin Table4-9 and have
beenused to calculate themounts of sugar alcohols and gluconic acid in brain

samplesTable 410 shows he quantitative data for the sugar alcohansl gluconic
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acidwhich were calculated based on their intensity in brain sampééde4-S4, and

the calibration curves dat&learly, 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 baea reported
before (Regenoldet al, 2004) but the addition of the other sugar metabolites re

enforces themportance of this pathway in the iliness.

Table 48: Retention data for polyol isomers and acids analysed bW&Gn EI mode.

MW
Polyol MW | Rat GG Derivativ EIMS Main Fragments
e

Gulonic acid| 196 | 20.66 | 420 | 184(70)145(100)142(97)112(56)103(92)

Gluconic 217 (25) 173 (56) 15B88) 155 (69) 115
i 196 | 20.82 | 420 | (100 0en)

. 217 (25) 18752) 157 (32145(65)115
Mannitol 182 | 2195 | 434 | 00N 0 67)
Sorbitol 182 | 2211 | 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(10(
ditol 182 | 2233 | 434 | 217 (26)187 (33) 170 (2157 (34) 145 (44)

115(100)

Myoinositol | 180 | 21.00 | 432 | 210 (37) 168 (100) 157 (39) 126 (56) 115

(66)
Pinitol 194 | 20.8 404 | 182 (74) 140 (100) 87 (62)
Ribitol 152 | 1753 | 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 (6§
Threitol 122 | 12.88| 290 | 217(8) 145 (74) 128 (28) 115 (100) 103 (8
Erythritol 192 | 1249 | 290 | 2L7 145 (11) 145 (85) 128 (33) 115(94) 1

(100)
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Table 49: Calibration curve data for sugar alcohols and gluconic acid over the range 1
16pg with pinitol as an internal standard.

Metabolite Equation of the line (R?value)
Sorbitol Y=0.109% i 0.54% 0.9994
Gluconic acid Y=0.0120 x + 0.0013 0.9660
Ribitol Y=0.1252xi 0.047% 0.9998
Arabinotol Y=0.1228xi 0.0448 0.9991
Xylitol Y=0.1277xi 0.0454 0.9996
Erythritol Y=0.045 T 0.056 0.9918

Table 410. The amounts of sugar alcohols and gluconic acid in-pustem brain samples.

SDB+DI Control | SDB+DI/C | SDB/C
SDBe g / ) .
Sugar eglg (RSD) €eg/ g |ratio ratio
(RSD) (RSD) | (P.value) | (PValue)
| 227 223 135 1.67 1.65
Sorbitol
(*56.4) | (£56.4) | (+57.0) |(0.0079) | (0.0015)
Gluconic | 3.96 1.96 1.96 2.06
acid @55.8) | +2(58) | ta07) | (0.0006) |(0.0012)
— 9.8 9.3 111
Rbitol | 21 o |10.3(202) ;acg) | 106 (0-18) | (5oe
. 7.9 8.5 0.94
Arabinotol (£26.6) 8.0 (26.6) (£34.1) 0.93 (0.37) (0.49)
. 41 71 0.58 0.61
Xylitol 1 iog3) |43(283) | u578) | (0.0042) | (0.006)
151 15.4 12.9 1.18
Erythritol | 1 o38) | (+23.8) |@34a9) |17 (0:028) (4056
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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 varigbiggres4-2 and4-5)

and the univariate differences will be used to develop some hypotheses based on the
underlying metabolite differences. The highest VIPs in the GPASnodel (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 iand Bdisorder has recently been
highlighted (Burghardt et al, 2015) There have been a number of recent
metabolomics studiesf 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 BCASs, leucine, isoleucine, and valinavere elevated together with
methionine, glutamine, phemmjanine, tyrosine, asparagine, and argirfidewgardet

al., 2009, Huffmaret 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
BCAslevels can provide a better signature of metabolic wellness thar(Bditthet

al., 2013) Another group found that elevated levels of BCAs in plasma could be linked
to obesity and potentially to the developmentinsulin resistance in childreand
adolescent§McCormacket al, 2013) BCAs are known to promote production of
muscleprotein(Rennieet al, 2006)and an elevation itheirlevels 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 syndronfParedeset 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 bhat variations in medication alone would be sufficiently
systematic to account for the differences observed. In addition to BCAs, the neutral
amino acidsncludingproline, methionine, tyrosine, and tryptophan are all elevated in
the SDBDI group and havéigh 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(Bjerkenstedtet 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 intoctreral
nervous systemQNS), resulting inreduced uptake of the amino acids tyrosine and
tryptophan which are required for neurotransmitter biosynthiesidine 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. THengesl
literature indicating that proline dehydrogenase (PRODH) iactmay be up
regulated in schizophren{gempfet al, 2008, Tunbridget al., 2004) However, this
would beexpected 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 suglaohols using LEMS since
the isomeric compounds have almost idealticetention 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 analysedN$.Gle

high chromatographic resolving power of a dapyl GCcolumn was able to separate
theisomers. The levels of glucose in these brains appeared to be very low and the
major sugar in the brain was mymositol, is a carbocyclic sugar that is abundant in
brain and other mammalian tissués can be seem iFigure 4-12, there are several
sugar alcoholshexitol, pentitol and tetritols, in the brain. The presence of these
compounds has been observed before in huraesbrospinal fluid (CSH)Shettyet

al., 1996) The major hexitol in the brains is sorbjtolt the pentitol peak observed in
LC-MS as a single peak is due to the presence of three compounds, ribitol, arabinotol,
and xylitol. In adiition, there are two tetritgl$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 stfeEn et al, 1990) In the current case, the
levels of sorbitol, gluconic acid, ribitol, and erythritol are higher in the $DB/
samples in comparison with the controls as judged from both thd&@nd the GE

MS data(Tables 4-5 and 410).

4.4.3 Elevation of Polyols and Oxidative Stress

Hypothesisvhich suggestethat oxidative stress mdnasa pathophysiological role in
mental illness was supported by the incrddseels of some indicatoxs oxidative

stress in patientwith schizophrenigdYao et al, 2001) Since the sugar alcohols are

not closely linked within a particular pathway and several are elewateduggests

that the higher levels might be due to an upregulation ofaldeductase 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 sinc€HNAD
consumed in carrying out the reductirabeNishimura, 1998)A previous paper
observed that altered glucose metabolisnthe brains of those diagrex$ with
depression and schizophrenia, where sorbitol was increased by a factor of 2.2
(Regenolcet 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 metabolitegLiu et al, 2015) Glucaric acid, which is increased in SDB, also
contributes to the model and has a high correlation to the model. Glucaris afid i
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 observsglitoresponse

to treatments with phenothiazines (such as the antipsychotic, chlorpronfsizirgjt

et al, 1983) Sedoheptulose is considerably elevated in SDB brains while a compound
putatively identified as deoxysedoheptulose phosphate is depré@ssedublished
metabolomics studgn brain tissue from a mouse model of psychiatric disorither
Npas3 knockout, also showed elevated levels of sedoheptulosefq?lGbcrease)
(Shaet al, 2012) This suggests that changes in glycolysis or nucleotide metabolism
might be altering flux through the pentose phosppataway which could correlate

with an increased requirement for NADPH as dador 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 defiditeinrneuromodulator

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 -cellture model of diabetic neuropathy

(Berent Spillsonet al, 2004)

As suchprain tissue accountsr 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 mugkighen 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 OPIIFA model separating control and SDB brains and

it is significantly lower in the SDB samples according to the univariate data. Lower
levels of anserine mig indicate increased oxidative stress in the SDB samples. Of the
three commonly occurring histidine dipeptides, anserine has been observed to be the

most effective artoxidant(Kohenet 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 gudiviae et al,

2012, Yaoet al, 2001) and the current data indicate that in SDB brains purine
oxidation seems to be more actiydso, it has been suggested that éhevated uric

acid is indicative of high levslof oxidative stress.
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4.45 Gamma -aminobutyric acid (GABA) Deficiency

GABA and its metabolite guanidino butyrate, which is formed directly from GABA
via argininé glycine amidinotransferag®owlandet al, 2012)are important variables

in the OPLSDA model separating control and SDB imsa It is well established that
there is a deficit in GABAergic transmission in schizophrédashimotcet al, 2003,
Guidotti et al, 2005) The GABA receptor governs the entry of the chloride ion into
cells (Suzdaket al, 1986)andone of the highest VIP values Trable4-2 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 thaandarsl 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
schizophrenigBurchett and Hicks, 200@)nd 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 conjugatesiopamine and serotonin have been measured

in brain dialysate previousl{Suominenet al, 2013) there was no evidence in the
current case fothe presence norephinephrine glucuronide conjugates in brain.

Although not significant in the OPLBA 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 anker for a deficiency of aromatic amimaeid decarboxylase
(AADC), also known as DOPAecarboxylaséeficiency which can lead to a deficit

in the levels of several neurotransmitt@bdenuret al, 200§. 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 effe¢fanet al, 2012)

4.4.7 Differencesina Sub -group of SDB Samples

There are many other differences in the univariate data andifficult 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 e@PA $nodel using only the
metabolites shown iable 4-S2 which were significantly diffeent according to
univariate analysiddCA 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
(Figure4-7). The metabolites which were most significant in separating thigsup

from the controls in the PCA plot are listedliable4-5 along with Pvalues and ratios
derived from univariate comparison of these nine samples with the control samples.
The braingn 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 additiorgctylvanilalanine is higher in
these saples 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 résf the SDB samples although its metabolite tryptamine is
elevated. In addition norepinephrine sulphate and guanosine are significantly lower in

this group compackwith the rest of the samples.

4.4.8 OPLS-DA Models Based on Reduced Metabolites

Figures4.$41 4.9 show extracted ion traces for the six marker compounds préduce
from the OPLSDA modelsas listedin Tables4-6 and 410. GABA and valine are
important components in the models shaw(Figure4-8 and Figire4-10) and have

been discussed above. Ascorbic acid does not show up strongly with regard to
univariate statistics having a P value of 0.5 whanmaring the samples modelled in
Figure 4-2. There have been reports of increased ascorbic acid requirements in
schiophrenia with reduced urinary excretion being obser¥ab et al, 2001)
Carnitine and its acyl derivatives have been reported to have potential in the treatment
of neurochemical disorder@vialaguarnera, 2012)Finally, it was observed in a
previous study that pyruvate levels were lowered in the thalmus of thenpasim

brains of schizophrenics in comparison with cont(Martinsde-Souzeet al, 2010)

In the current case, pyruvate is slightly elevated in the SDB gbuthe part of the

brain aralysed in the current case was different.
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45 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 acidsCurrentstrategy 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 disegsecific 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 whereach 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 thabnormal 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 efmmog¢m brain tissue in
mental illness. Although thiis 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 yeahs addition it was necessary to develop ak3&
method in order to separatsomeric sugar polyols which would not separate on
HILIC. In future work thestudywill behighlightedavailable markers which could be
quantified in physiological fluids for the purpose of diagnosis or the monitoring of
treatmentAltered metabolism ofugar polyols in mental illness the reducing sugars

(sugar aldehydes) were examined
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Chapter 5

The Analysis of Sugars in Post -Mortem
Human Brain in order to determine
whether or not perturbed sugar

metabolism is associated with mental

iliness
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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
thetagging 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 whefHs-aniline was used as the tagging reagent in combimatith
separatin on a ZICHILICcolumn. The method was used to tag a range of sugars
including pentose@ibose and xylose) and sugar derivativesa@étylneuraminic acid

and glucuronic acid). The method was simple to perform and was able to improve both
the separatioof sugars and their response to electrospray ionisati@ne a number

of hexose and pentose isomers could be observed in biological samples. The method
was applied to the profiling of sugars in pasbrtem brain samples from six control
samples and eighea samples from indduals who had suffered from schizophrenia,
depression andifwolar (SDB) disorder. It was also applied to the quantification of
sugars to confirm the important role of sugars metabolism through evaluatiom of
relation between the ahges in sugar levels and psychiatric disorders that proved in

this work.
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5.1 Introduction

Reducing sugars can exist@dsandb-anomer s and a lasomerd)and pyr an
f ur a n-ansneers)(ribg formgFigure 5-1). The pyranose form of glucose i$a

membered hemiacetathile the furanose form is arfiembered hemiacetdh the U-

anomers, the hydroxyl group on the anomeric carbon is below the plane of the structure
while in theb-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 manf{BsemejoDevalet al, 2012)

aldehyde
QH OH
X \
1CHO i 1CH
2 - OH 2
2+—O0H OH
H or
H —_— H
B OH
OH OH
6CH,OH 6CH,0H 6CH,OH
ring can be 6 (pyran) or 5 (furan) membered
glucose (Fischer projection) aldehyde rearranges into a hemiacetal aldehyde rearranges into a hemiacetal
6 H
& H
HOHO
1
H OH
H H

H OH

B- pyranose glucose p3- furanose glucose

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 hydgvaylp generated
can b e-oirppokitiltne U
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Neutral sugars are some of the most difficult analytes to characterise during
metabolomics analyses by H@S and this is for two reasons. Firstly, they do not
ionise strongly in negative ion mode givélreir 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 problemsesihis speedsp the equilibration rate
between the four forms so that it becomes more rapid than the chgoapdtic mass
transfer processellowever, additives such as trimethylamine or ammonia which have
been used to promote mutarotation are not nasstrometry 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 aré¥Yaneet al, 2016, E
Younget al, 2016) In previous work, a calcium ligand exchange column was partly
able to resolve the problem of sugar separation. Using this column was séyparate
glucose and fructoséut was not mass spectrometry compatible because the sugars
tended to form a complex mixture of calcium adducts inrMBemaking spectra hard

to interpret(Qian et al, 2008) The separation of the sugar isomers by uSyis
achievdle 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
uninformativespectra where there is no molecular ion and the fragments ions are not
definitive of a sugar structuf®olnar-Perl and Horvath, 1997, Boldizsatral, 1998,
Medeiros andsimoneit, 2007)In the case of high resolutiddS under electrospray

conditions, all the ion current is carried by the molecular ion thus giving high

Page| 149



sensitivity and precise identification since the exactemdar weights the sugar
iIsomers 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 se&l 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 stratefyy sugar derivatisation priothe
separation by liquid chromatography is to carry out reductive amination of the sugars
at low pH(Fischeret al, 2003, Baxter and Reitz, 2004he 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 antiforms thus potentially ppducing 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 waghused for derivatising sugdfSaoet

al., 2003, Harvey, 2011, Feketeal, 2015) Threebasic 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 carryt tlie reaction at a fairly lowhp (e.qg. in dilute

acetic acid). The second rule candaermined by having to work atviopH. It is
necessary to use a weak base that is not fully protonated at Itovgatia successful
reaction because it is the unpraated 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 workingaound 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 sugar®orelle et al, 2005) The presence of the amide group at the
paraposition to the amino group increased the electron withdrawing effect away from
the nitrogen of the basic group, whisleakens 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 gncis unstable under acidic conditions. Thus it is
necessary to use a suitable asable reducing agent such amathylpyridineborane
complex which is stable at low pfBaxter and Reitz, 2004Dther sugar derivates

such as Nacetylneuraminic acid (NANA), Mcetylglucosamine (NAG) whichre the
saccharide units present in glycosphingolipids occurring in the brain of vertebrates
may be strongly correlated with brain disord@rsttamantet al, 2003) NANA is the

only sialic acid present in human tissuasd is essential for appropriate brain
developmentlt is a crucial component of neuronal membranes found in the brain as

reportedo playan importantrole in adult brairYU and LEDEEN, 197Q)

The previous project in this thesis, Chapter 4, indicator to the association between
sugars metabolism and mental illness. Due to theMSCmethod used in analyse
sugars is a less suitable for untargeted profiling, théiISCmethod on the Orbitrap is
moresuitable for untargeted profiling and gives accurate masses and molecular ions.
Therefore, in the current study,C/MS-basedsugars derivatisation methogas
applied to analysis theugars in postmortem human brain in order to determine

whether or not péurbed sugar metabolism is associated with mental iliness.
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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 theidentification 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 pasbrtem brain samples in

thepresent study

5.2 Materials and Methods

5.2.1 Chemicals and Materials

HPLC gradeACN, formic acid, acetic acid, aniline. HGHs-aniline, picoline borane
complex, glucose, fructose, mannose, galactose, ribose, xylose, arabinose, glucuronic
acid, galacturonic acid, NAG and NANA were obtairfiemn Sigma Aldrich, Dorset,

UK.

5.2.2 Biological Samples

Postmortem brain samples were also available from a predtudy (Zhanget 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 sampleand distribution to approved researchers, the
University of Strathclyde Ethics Committee also approves Itdtal 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
derivatisedvith deuterated aniline as follows. The tagging agents were prepared at 10
mg/ml in methanol/water containing 1084/v) acetic acid (50:50) (solution A) and a

solution containing 10mg/ml of picoliAgorane in methanol/water (1:1) (solution B)

was also prepr ed. An aliquot of each swugar (50c¢
solution A. The mixture was then heated in a heating block?@ 4@ 30 min. Then
20¢l of solution B was added afdfortshe r es

min. The samples we then blown to dryness in a stream of nitrogen gas and re
dissolved in 0.2 ml of water containing 0.1%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 deuteéea*Hs aniline is illustrated irfFigure 5-2.

CHO Y H
o oo NH, CH—NQ—Q SN CH, cHz—N»—Q- a
HO——H P b il - a BH, H——OH 2
" LowpH! HO——H 2-methylpyridine borane complex HO——H
H=—0H —_— H——OH
H——OH
H——OH ) L H——OH
SH:0H o Reducing agent H——OH Final product
2 CH,OH CH,OH
. o . 2
hexose Deuteroanline Schiff's base (syn- and anti-forms)
CeH2O06 (*Hs- aniline) Chemical Formula : C1;H1s 2HsNOs
Exact Mass: 263.170
[=] o =
cHo - ~ | " a, o
2 L H
H——OH D B CH=N. a é 3 CH,-N a
H.
H——OH Low pH H——OH o S H——OH _
= p " H—OH 2-methylpyridine borane complex H——oH [=]
CH,OH D H——OH “ H——OH
¢Hy0H Reducing agent ShyoH FialpreaE
Pentose Deuteroanline Schiff's base (syn- and anti-forms) 3
CsHi0O0s (?Hs- aniline) Chemical Formula : Ci1H132Hs04N
Exact Mass: 233.1456
CHj =) a
éH, HO n
O Low pH 2-methylpyridine borane complex
=}
o OH e
Reducing agent HO OH
HO
gr;:mgacnds Deuteroanline Schiff's base (syn- and anti-forms) Chemical Formula : C12H132Hs0sN
6M10U7 are
(*H;- aniline) Exact Mass: 277.1436

Figure 5-2: Reductive amination of a sugar and its derivatives using dedttraniline and
picoline borane.
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5.2.4 Profiling of Biological Samples

Brain tissue (20Mg) was &tracted byhomogenising with hl of ACN/water

containing £ g / mICs-glifcose a glucose molecule containing six of labelled

at oms ; ®Gwh erreef €r s to the atom i sotope of g
to the number of atoms labelled in the moleclilee sample was centrifuged at 3000g

and then the supernatant was blown to dryness under a stream of nitrogee and th
residue was dissolved the 200 o f nTddn htlaisn sarhple was treated for
derivatisingas described abovsection 52-3) 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 smisticontaining d g C4-

glucose an@®,0.1,0.2,0.4,0.8,and .69 of fDlucose, gatastose 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 aa2d 50 arbitrary units and a capillary
temperature of 250°C. Separation was carried out onI@HIZIC column
(150%x4.6mm, 36 m particle size, Hi Chrom Reading
ACN/water (90:10) mobile phase containing 0.00%) formic acid & 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 condit{@harg et al,
2016)are shown irFigure5-3 which uses hydrophilic interaction chromatography at

pH 9.2 with ESIMS with positive or negative ion detection. There is little chance of
getting a good separation as long as all the four forms of the suggreseat since

the peaks are broad and misshapen even under the conditions used to produce the
chromatograms (Fige 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 -4minoN,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 separ@mnazeeet al, 2017)

100_ glucose
Q
2 m/z 179.05-179.06
E
B ]
< 1005
2 ; galactose
% m/z 179.05-179.06
= J
T A rererrere————————————
10 15 20
min.

Figure 5-3: Extracted ion chromatograms for glucose and galactose in negative ion mode on
aZICpHILIC column (150x4.6 mmgbm) wi t h a gradient bet ween
carbonate pH 9.2.
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5.3.2 Tagging with Deuterated A niline ( ?Hs-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 betweeagake and mannoféigure5-4A). The original

intention had been to ugéls-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 byauoand Li(Guo and Li, 2009However, it was found wheis T aniline

was used as a tagging agent there was slightly better separation between mannose and
galactosgFigure 5-4B) and better peak shapgigure 5-5 shows the separation of
fructose, glucose, galactose and mannose as fHeimaniline derivatives on a
ZICHILIC column under isocratic conditioria a mobile phase usingCN/water

(90:10) containing 0.01%v/v) formic acid. Mannose and galactose are almost
baseline resolved and are well separated from glucose. Fructose produpesita/o

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 disthetause

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 (Ahiline and (B) *Hsi aniline derivatives

galactose and mannose run on a ZICHILIC colummi@Nwater containing 0.01%v/v)
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The derivatisation process can be conducted easilyharfdrimation of the derivatives
increases the response for the sugars under ESI conditions. The effect of incorporation
deuterium atoms in both reversed pha€eand GCis well known(Wade, 1999)In

these chromatographic modes deuterasedopomers run earlier than their aon
deuterated counterparts indicating that deuterated isotopomers are less lipophilic. The
reason for this has not been fully explain@at may be related to the lower vibrational
energy of the carbon deuterium bofWlade, 1999)n comparison with the carbon
hydrogen bond. Conversely in the case of the HILIC method used in the current study
the sugars tagged with tREls-aniline are more hydrophilic than those tagged with
aniline and rurcircaone 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
separabn 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 lessthe sugar stereo chemistry of the sugar contributes to retention. Inipaelim

work to develop our derivatisation methdBawazeeret 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 ofHyaniline 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 meth@dluctive amination
method was applied to a selectionf sugars of biologial interest Table 5-1
summarises the retention times and the molecular ions obtainétHgoaniline

derivatives of some sugars.
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Table 51: Retention and molecular ion data for some sugar standards tagged itk of
aniline and run on a ZICHILIC column \CNwater containing 0.01%v/v) formic acid at
0.6 ml/min.

Sugar Derivatised m/z ofdeuterateeb- | Retention
ChemicalFormula | anilinederivative Time (min)
Glucose C12H15°HsO0sN 263.1646 10.54
Galactose C12H15°Hs0sN 263.1646 13.20
Mannose C12H15°HsO0sN 263.1646 13.97
Fructose C12H15?HsO0sN 263.1646 9.09, 9.90
Glucuronic acid C12H13°HsOgN 277.1436 15.3
Galacturonic acid C12H13°HsO6N 277.1436 18.5
Ribose C11H13?°HsO4N 233.14%66 8.0
Xylose C11H13°Hs04N 233.146 7.1
glljaccoglmine CraH1HsOsN» 304.1905 9.4
N-acetylneuraminic| Ci7H22Hs0sN2 392.2063 27.7

5.3.3 Quantification and  Profiling of Sugarsin Post-Mortem Human

Brain:

In relatedearlier papefZhanget al, 2016) it was showed that poghortem brains

from subjects who ha®, D and Bdisorder had elevated levels of polyols in
comparison to controls, also the details of the samples and results are gbapter

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 bfallaved by
quantification usinghe extacted ion tracefor the sugar derivativeSeverahexoses

and pentosesT@ble 5-1) were observed ithe mental illness samples when these

samples were treated thereductive amination method for the analysis of suddrs
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calibration curve were prepred in five concentration®.0, 0.1, 0.2, 0.4, 0.8 and
1.6pg) for amixture of some sugar standards tagged witBH aniline (Table5-1).
13Cs-glucosewas added aimiternal standar@inS) andwasalsoaddedto thestandard
sample mixtures at a fixed concentration of 1T@ble5-2 summarises the peak areas

of each of the sugars and the pea&a ratio of analyte to the internal standafGe
glucose) at each of the above five concentrations prepared for thetsugkardsThe
Figures5-6 - 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 (Tabi2)53n order to calculate the linety; slope and

intercept valuesto be usedh quantification of the amount of sugars in the biological

samples.

Table 52: Summary table showing peaks areas and {a@ek ratios of A: glucose with
(0.5-8ug) and B: other sugar standards with ((LBg) to'*Ce- glucose as internal

standard (hS)

A
Con. ug 0.5 1 2 4 8
13C_Glucose ArednS) 220090409| 214776002| 206314371 185003622| 164523924
Glucose Area 22432995 | 44185542 | 78797603 | 137959396| 224337688
Glucose/lnSRatio 0.1 0.21 0.38 0.75 1.36

B
Con. ug 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
GalactoselnSRatio 0.04 0.1 0.2 0.44 0.94
Mannose 6789431 15770765 | 28103931 | 64373819 | 122387981
Mann/InSRatio 0.03 0.07 0.14 0.35 0.74
Fructose 78200 148439 556143 1574602 3037843
FructoselnSRatio 0.01 0.03 0.08 0.25 0.46
Glucuonic acid Area 437040 561991 5220146 8223444 25450593
Glucuonic acidinSRatio 0.002 0.003 0.025 0.044 0.155
Galacturonic acid Area 17409 66152 49725 98251 87177
Galacturonic acidihSRatio | 0.0001 0.0003 0.0002 0.0005 0.0005
Ribose Area 5712241 14419857 | 25310665 | 50270603 | 103399224
Ribose/InSRatio 0.03 0.07 0.12 0.27 0.63
Xylose Area 11663019 | 22091847 | 36244008 | 74047574 | 114615603
Xylose/InSRatio 0.05 0.1 0.18 0.4 0.7
NAG Area 90608 504509 868177 1287085 1217663
NAG / InSRatio 0.0004 0.0023 0.0042 0.007 0.0074
NANA Area 21990 201407 854165 657111 3604511
NANA/ InSRatio 0.0001 0.0009 0.0041 0.0036 0.0219
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Figure 5-12: Calibration curve for ribos€0.1-1.6.9)

Xylose

R2=10.9952 .-

1.4

1.6

y = 0.4337x + 0.0168
R2=0.9936_.-"®

o
N
o

o
o)
o

0.50
0.40
0.30

0.20

Xylose/13C Glucose area ratio

0.10 o

0.00
0 0.2 0.4 0.6 0.8 1 1.2

Xylose Concentration pg
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Table5-3 shows the calibration data for some sugar derivatives obtained by plotting
the ratio of the peakrea ratio for each hexose against#tie-glucose (analyte tmS)
intherange 011 . 6eg. These data, tRacharganfithe ci ent
regression equation on chart (slope and intercept values), were extracted from the
calibration curves for examined sugars as shiowrigures5-6 1 5-15 to evaluge 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 sug@aes.LC/MSbased
developed reductive amination method was applied to measure the amount of sugars
taggedwith deuterated aniline in mental illness brain (SDB) samples. The derivatised
sugar levels in 20Mg of control and SDB brain tissue which are summarisédlote

5-4 were quantified based on slope and intercept values obtained from calibration

(standardkurves.

Table 53: Calibration data based on ratio of response of derivatised sugars to response for
derivatised internal standard (13@lucose) over the range 0116 g .

Sugars Equation of ¢t{(BR
Glucose y = 0.060682+H0. 998
Galactose y = 0-06.906&2 [(0.9988
Mannose y = 0 -04.80%X4 [(0.9972
Fructose y = 0:6.9615x1 [(0.9833
Glucuronic acid y = 0 -Q.0@U%5 [0. 9653
Galacturonic acid y = 0.0003x H0.6797
Ribose y = 0:04.0058%2 |[0.9952
Xylose y = 0.4337x H0.9936
N-acetyl glucosamine y = 0.0043x HO0.768
N-acetyl neuraminic y = 0:0.18®X5 0.89614
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Table 54: Summary table showing amount of the major sugars tagged viith-ainiline
in 200mg of control, and SDB brain tissue.

Samples Glucose | Galactosg Mannose :(I:Li]guronic Ribose Eéicrﬁrtr):ilnic
Hg/200mg| ng/200mg | ug/200mg 1g/200mg Hg/200mg Lg/200mg

Bl 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 sugatsamd brain

sample groups (SDBThe pvalue (ttest) andhe peakarea ratio okachanalyte in

SDB to Care also summarised iffable 5-5. The major hexoses which could be
observed in the brain samples were glucose, galactose, mannose anéFigioosss-

16 and5-17, respectively, show extracted ion tracestexkosegglucose, galactose

and mannose) and pentose (ribose) extracted frormparsém human brain. The level

of glucose in the three groups of brain samples (SDB) in all cases is high#raflan
brains,where the bipolar brains contamha huge amountup to2 1 7. 8 5e¢,g/ 200 m
Table5-5) which was far above the range of calibration cave it was unfortunately

not possible to realibrate because of lack of further samples of tisshe glucose

levels in the bipolar brain samples fluceiatidely and a larger sample number would

be required to achieve a statistically significant comparistanmnose and galactose

levels are much more consistent in @eamples in comparison with ti8DB brain
samples(Table 5-5). The pentose sugar, riboselso was elevated in depression
(31.18¢g/ 200mg) and bi pol ain cofhgasonithe g/ 200
control samples (24.12¢g/200mg). I n addi't
sugars in the brain samples includMgNA and glucuronic eid, which matched the

retention times of their derivatised standafiable5-1), three isomers of AIG one

of which matched the standard for this compound, an abundant deoxy hexose and two
isomers corresponding to reductive amination products probabiyedeirom the

ketone sedoheptulogEigure5-18).

Page| 168



Table 55: Summarises the average of the amounts of hexose, pentose, NANA and gluconic
acid in postmortem brain samples with schizophrenia, depression, bipolar and control.

U9arS| Glucose | Galactose| Mannose S(I::Jdcuronlc Ribose | Xylose | NANA
AVErage | 1559 | 102 | 5239 | 772 | 2077 |50.28 | 5145
€9/200mg
Average B\ 517 05| 424 | 24344| 14.40 | 26.49|6656 | 59.09
€0/200mg

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
png/200mg
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
png/200mg

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

204.51 3.27 250.68 20.92 31.18 | 66.83 | 81.96

178.09 2.54 286.47 14.66 24.12 | 48.26 | 148.64
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Figure 5-16. Hexoses extracted from brain tissue obtained from an individual with bipolar
disorder and a control sample.
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Figure 5-17: Pentose extracted from brain tissue obtained from an individual with bipolar
disorder and a control sapte.
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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 methigdsfficult and has not often been achieved

for even a small set of isomers like the four common hexoses. Capillaiyl&C
methods have higher chromatographic resolving power thaM&@nethods and can

be applied to separation of sugar isomers. However, even when using capillary GC
separation sugar isomgeelute closely and this is complicated by the fact that the
commonly used oximation procedures produce two peaks for each é\dolser-

Perl and Horvéath, 1997, Boldizseral., 1998, Medeiros and Simoneit, 200The
electron impact fragmentation patterns for derivatised sugars obtained freMiSGC
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 recentlyn our paper(Bawazeeret al, 2017) It reported that the best
precision was obtained for glucose, where the coramons 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 bioanalysi@Health and Services, 2001)
According to thisprecisions, 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 thed to quantify sugar concentrations in biological
sampleslt also has ability to uncover further unknown pattethere is at least one

additional unknown hexosas illustrated in the human brain extracts shown inifeg
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5-16 and5-17. Fructose is &etone, ketonic monosaccharide, and thus is reduced less
readily than the other sugar aldehyad#dphexoses, and this probably accounts for the
poorer precisiombtained for this analyte. Thus, if accurate quantification of fructose
were required, it woul be better to employ a stable isotope labelled form of fructose
as an internal standard. Therefore, althotighas one of the four common hexoses
separated by this method and has good linearif (R9833), fructose was not
quantified in this work.

In addition, elevated levels of a pentose, ribose and xylose, were obsesgeddtine

SDB postmortem brain sampledut did not achieve statistical significancehe
elevated level of the pentose mirrored the elevation in the levels pentitols observed in
our earlier papefZhanget al, 2016)as described i€hapterfour in this thesis. Since
high-resolution mass spectrometry is used in combination with a tag containing the
five deuterium atoms, it is possible te fsery sure of the identity of such unknowns
although without a standard the exact isomer remains unknown. The results also
indicatedanincrease in level of other sugars includMgNA and glucuronic acid in
threemental illnesgroups (SDB). The level MANA in SandD brain samplegas

far higher tharB samplesin comparison withC although again wide fluctuations
meant the differences were not statistically signific&hie to its essential role in
appropriate adult brain developmeNAANA biosynthesis and more subtle mutations

in its metabolism may be associated with psychiatric disorders incl®&lagl B
disorder(Schnaaret al, 2014) A current results are similar to other studidsch
reported that the elevation of NANA legelerefoundin CSFand postmortem brain
samples of schizophrenic patiermtsd other psychiatric disorders suchCasind B

(Sullivanet al, 2007, Schnaaet al, 2014, Vawter, 2000)
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Based on the goodness of linearity éght fromten calibration curves of sugars as
described inTable 5-3, only two sugar derivatives were excluded from the

quantification galacturonic acid (R 0.6797) and NG (R?>=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 samplés deuterated tag

as well as offering the best chromatographic separation was also useful in the
charactesation of sugarsnd succeeded in providing a quantitative estimate to
guantify the changes of sugar levels in postrtem brain sample3his method is able

to achieveseparatbn ofthe three common hexosesich israre in the literaturand

has very good potential for monitoring sugar metabolism since the masses of the
tagged sugars are very characteridbiae to the importance of sugar metabolism, the
present resultdiave 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
suppored our previous resultd=or future workaltered metabolism of sugar polyols

in postmortemmental illnesdrain canbe examined imon-post mortem samples to

explorewhether antdiabetic treatmentsiayhave 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 groeipf high interest in
biomedicine because of their major role in metabolic pathwaysgjiiggfcarboxylic
acid compounds with a permanent positive charge suchviils a quaternary
ammonium compound will increase the IMS detection sensitivity and selectivity.
This studypursued anew strategy for analysing carboxgdntaining compounds in
biological samples by L®AS by coupling thento choline.Carboxylic acids were
couded to choline using -2luoro-methyl pyridinium p- toluene sulfonate (FMP)
coupling reagent. The analg of the derivatised oxidisddtty acids was performed
by using ACEHPLC (C18) column coupled with an Orbitrap Exactive mass
spectrometer Twenty-eight plasma samples whichvere collected from seven
participants before and after tag of beetroot juicewhich is a potential antioxidant,
were examined byhe develoged method to quantify the oxidised fatty acidhe
results showed that choline coupling reactions were successful in débgroxidised
fatty acid metabolitegn biological samplesln conclusion a new and easy method
was developed tenhanceletecion of carboxylic acid devatives in plasma samples
following consumption of beetroot juicéfThe method proved to be precise and
reproducible and can quantify oxidised fatty acids compounds y@da ng/ml

levels
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6.1 Introduction

Carboxylic acids are one of the most common organic compounds that prdisang
organisms, human, animals and plant. Fatty acids (FAs) mainly refer to the metabolites
that possess single or multiple carboxyl groupSOOH) and serve important
functions in many biochemical processes inside the body and cells. In biomgdicine
fatty acids and otherarboxylicmetabolitesareof high interest because of their major
role in metabolic pathway$4onitoring of carboxylic compoundsparticularlyfatty

acids has been contributesh understanding the aetiology of many diseases and
prevention of chronic disease such as atherosclerosis, obesity induced insulin
resistance antbr promotingcardiovascular healt@Joffe et al, 2013, Soardet al,

2011, Morgaret al, 2016) Although many lipids are produced in the body by simple
precursors, some essential fatty acids (EFAs) dabeosynthesed and should
therefore be consumed with the diet. Oxylipins or oxidised fatty acids are a group of
metabolites derived from polyunsaturated fatty acids (PU&i#g,includearachidonic

acid (ArA) and linoleic acid (LA). They can be formed by the reactions dépgeod

monao or dioxygenand occur aashydroxy, dihydroxy, epoxy andoxo speciesOne

of the challenges of nutrition studies is the determination of subtle shift® ifatty

acids or bioactive lipigl especially theoxylipins, because they are unstable and/or
rapidly inactivated by metabolic degradation and have a low concentrations and
similar structurs, resulting inisomerg(Yanget al, 2009)

Due to the important role of fatty acids in human metabolic g&snnvestigatioof

their physiological and clinical implicationsn human healthis necessary in
pathological and healthy conditions. Many instrumental techniques included GC

(Eder, 1995nnd HPLC(Chenand Chuang, 2002)ave beerapplied in the analysis
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of carboxylic acidand relatedcompounds. The most common separation techniques,
GC and LC, have been improved baskg combination with tandem mass
spectrometry (MS). In the field of bioinformatidsC-MS and GGMS approaches
have been developed to be a simple tasd analytical methods for low molecular
weight carboxylic acids and have provided rapid progi@ssmics researcfGamoh

et al, 2003, HernandePérezet al, 2002)

However, these methods lack sensitivity and selectivity in analysis of fatty acids.
Samplederivatisations widely used in analytical chemistry and instrumental analysis
to improve analytical capabilities. The chemical structure of the sample can be
modified tonewchemical form that provides an enhanced response in terms of either
improved selectivity or sensitivitythis modification is required because tlesponse
factors for the positively tagged fatty acids werere 100 timesthanthose for the

untagged compounds in negative {8 and Brodbelt, 2012)

6.1.1 Derivatisation in Mass  Spectrometric Analysis

The separation and quantification of important compousuaish as carboxylic acids,
which are present in small amounin biological sampless a mgor problem in
different metabolomics studies. Due to their important functions in many biochemical
processes inside the body and cells, carbogyitaining metabolitesmainly fatty
acids andheiroxidation productsare the most common organic compounds/ing
organisms. Thereforesnhancing of accurate and sensitive liquid chromatography
method is necessary in determination of very small quantitighe@gecompounds in

biological specimens. For enhancing of the sensitivof chromatography
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performane, chemical derivatisation has been found to be a powerful technique in
making these metabolites more ionisable in theML€ approach

Derivatisationreactions used in MS are designed to enhamgeation 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 literafdegkin and Halket, 2006, t

al., 2014, Halkeet al, 2005) Traditional derivatisation bgilylation or methylation

in GCG-MS methods wasmployed in the analysis of fatagids(Brookset al, 1978)
Recently, with the invention of softionisation techniques such as electrospray
ionisation HPLC/ESIMS, derivatisation havecome a powerful technique in the
analysis of such compounds. The negaitvesation of carboxylic acid in LEMS is

only achieved in basic mobile phase. However, chromatographic resolution with
reversegphase columns is best achieved at acidic pH mobile phases where the
ionisationof carboxyl group is suppressed. The alternative way is to tag carboxylic
acid witha permanent positive charge susing aguaternary ammonium compound.
This will cause targeted carboxylic acid compouttdsave a positive charge in both
acidicand alkalinenobile phases. This strategy has been very successfully applied in
the HPLC/ESIMS analysis of amino acids and pepti¢i¢s and Brodbelt, 2012, Frey

et al, 2008)

The technique of chemical derivatisation for-MS seena 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 modificatiof the structure of the target
compound changing their physical and chemical properties so that they are more

ionisable in the LEMS system. Derivatisation is a specific type of chemical reaction
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whichfor its completion needs a functional group presenthe target compound and

a reactve 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 h&own as 2Zhydroxyethytazanium (2-hydroxyethyt
trimethylamin) and it is a quaternary ammonium salt containing the N,N,N
trimethylethanolammonium catiolt.was recentlyound thata choline chloridebased
catalyst was employed as green approach foathielation of methyl estsiof fatty

acids under solvent free systéRatil and Pratap, 2016)

Due to the roles of lipids such as oxylipins that are formed by oxidiatstiil 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 develogMSCmethal for the
enhanced detection of these compounds in plasma and its application to determine the
effects of the ingestion of the amtxidant beetroot juiceThus, he quaternary
ammonium part of the coupled choliisg¢he alternative wago negative ion ESinass
spectrometryo tag carboxylic acidndmakes thelerivatisedcompound permanently

ionisedin both acid and basic mobile phases.

6.1.2 Aim of the Study
The overall aim of thisvork was to develop strategy for analysing carbecgmtaining
compounds, particularly oxidised fatty acids, in biological samples byosagation

(ESI) LGCMS after being coupled to choline. The advantage of this strategy is the
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efficacy of chemical devatisation appliedutilising 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 ACNtetrahydrofurafTHF) and formic acid were purchased fdéigma

Aldrich, Dorset UK Also, the reagestincluding 2fluoro-1-methyl pyridinium p-

toluene sulfonate (FMPjriethyl amine (TEA), and choline chloride were obtained

from Sigma Aldrich, Dorset UKThe native standard mixtures of oxidised fatty acids
included thelinoleic acid oxylipins mixture (LAO) andarachidonicacid oxylipins

(ArAO) mixture. The native standard mixture of LOA contains oxylipin metabolites
derived from linoleic acid includg (+)12(13)}DiHOME, (x)9(10}DiIHOME, 9(s}

HODE, 13(s)HODE, 130x00DE, 90x00ODE, (+)12(13EpOME, and (+)9(10)

EpOME. The native standard mixture of ArAO contains oxylipin metabolites derived
from arachidonic acid includg 5-OxoETE, 120x0ETE, 150x0ETE, B(SyHETE,
12(SYHETE, 11(S)HETE, 9(RYHETE, 8(S)HETE, and 5(SHETE. Internal
standardsmixture included deuteratedlinoleic acid oxylipins (DLAO), contains
deuterated?{) versions of oxylipin metabolites derived from linoleic acid included
(+)12(13)DIHOME-d4, 13(s)HODE-d4, 130x00DEd4, and (+)12(13EpOME

d4. LAO, ArAO and DLAO compounds were purchased from Cayman Chemical
Company. Their product information are described company website
[https:// www. caymanchem. com] i2m 6@Gr6o daincdt sl t
) 20795, respectivel y. HPLC -QB dltapurewat er

Water System from Millipore, UK
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6.2.2 Plasma Samples Collection:

Human plasma samples were collected from seven males healthy indiyahea23

* 4 years, staturd:81 + 8 cm, body mass: 83.4 £ 10.4 kg) at four different time points
(baseline, 60min, 120min and 360min)the same day after beetroot ingestion as
shown inFigure 6-1. After it was separated from collected blood and centrifuged at
5000rpm for 10minplasma samples were stored25°C 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 eonittee of at the School of Science and Sport, University of
the West of ScotlandBefore the study begaparticipants were excluded if they were
currently taking dietary supplements or any medication, regularly used mouthwash,
smokers, had a curreiibess or virus within the previous month, had a known disorder
or history of disorders of the hematopoli

mmHg) or had a family history of premature cardiovascular disease.

Snack Lunch

@} )

8J

- ! ! !

S1 S2 54 S8

Baseline| 60mins | 120mins | 360mins
s1 S2 S4 S8

Figure 6-1: Scheme for theme-points of plasma collection.
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6.2.3 Preparation of Plasma Solutions and Reagents

Plasma solutionwereprepared by transferring 100pul of the separated plasma sample
to an Eppendorf tube ardidinglml of ACN to perform a protein precipitation (PPT)
process. Then the sample was vortexed for two mirartdsentrifuged at 9000 rpm

for 10min. After centrifuging, the supernatant of plasma solution was taken for
coupling reactiongChamber®t al, 2007)

Also, the stock solutions were prepared for all the reagents of coupling resltaim
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 acidgetradecanoic acid, and palmitic acid,
hexadecanoic acid, were used in this study. The standard stock solutions were prepared
at concentration of 10pg/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 tloé oxidised
compoundsLAO and ArAQ, were used as native standérdble6-S1). Also, internal
standardmixture (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 10pug/mh ethanol to be used directly as native stanslardl
internal standam All standard mixturesverekept in glass screw cap véand stored

at T80AC to prevent solvent evaporation.
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6.2.5 Standard Curve Preparation

A calibration curve was made by diluting th®ck solutions of oxidised fatty asid
standard (10pg/ml) to prepare seven different batches (0.0, 2.5, 5.0, 10.0, 20.0, 40.0,
80.0, and 160.0 ng/1Q0 asthe native standard mixture of LAO and ArAO. For the
purpose of quantification, 50ng/1€1®f HODE-d4was added to each batch as internal
standard instead of DLAO mixture to avoid intervention between derivatised mass for
other compounds.

These calibration solutiongeated by usinghe choline couplingderivatisation
reactionas described isecton 72.6in order to quantify the oxylipin metabolites of

oxidised fatty acids.

6.2.6 Fatty Acids and its Oxidised Derivatisation

Choline esterification to the fatty asidvas performed usinthe 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 illustratedrigure 6-2. Oxidised acids
standards mixture (100uL) and plasma solutions, as preparstilon7.2.3, were
derivatised with 100uL of choline chloride solution (Img/ml in ACN) and100uL of
the stock coupling agent FMP (1mg/ml in ACN). Then 6pL of TiEAdded to tis
mixture with shaking foBmin and heated by usirthe vortex water bath &0°C for
30min. The combined mixture asthen blown to dryness in a stream of nitrogen gas

and redissolved in 1ml ACNprior to injection into thé.C-MS.
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Figure 6-2: Choline coupling otarboxylicacids scheme.

6.2.7 LC-MS Analysis

Measurements of samples and standards was carried thet3urve/or HPLC system
combined with LTQ Orbitrap mass spectrometer (Thermo Fisher Scientific, Hemel
Hempstead, UKANn al i gquot of each samploanAGBOI| ut i ol
3 C18 column (150 x 3.0mm, 5um Hichrom, Reading, UK) and the flow rate was
300ul/min. Mobile phase A consextof 0.1%(v/v) formic acid in water and mobile
phase B consistiof 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
5minwerefor column reequilibration before the next injectiohheESI 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 th®thi@ap to
produceMS/MS spectra using a collision energy of 35 V. The full scan range was 75

to 1200m/z. The acquired data was processassingX c a |l i bur E.
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6.3 Results

6.3.1 Underivatised Oxidised Fatty Acids

A group of oxidsed metabolites thadre derived from variousFAs, oxidised fatty
acids, perform a variety of different functions in the human body. As a part of the
lipidome, oxylipins as oxidised=As were extracted and quantified in human plasma
samples in previous studig§&ouveiaFigueira et al, 2015, Yanget al, 2009,
Strassburget al, 2012) These studies have used URESIFMS/MS techniques with
only negative ion detection to examithe metabolites of regulatory lipids related to

nutrition.

Under nonrderivatisation conditions, the oxylipin metabolites derived from LAO and
ArAO which are detailed iTable6-S1were examinedTable6-S1shows the name,

molar mass and chemical formula and structure for these underivatised oxylipins.

Figure6-3 illustrates extracted ion chromatograms obtained for the standard mixture
of linoleic acid oxylipins byun without derivatisatiomn a C18 column. Irthe same

way, the ion chromatograms of arachidonic acid oxylipins were extractedrand
shownin Figure 6-4. In this method reversed phase liquid chromatography (RPLC)

wasused with ESMS 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 nomlerivatisation LEMS method on a ACE 3 C18 column (150 x 3.0mm, 5um) with
a gradient mobile phase between 0.(%) formic acid in water and 0.1% v/v formic adéid

acetonitrile
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Figure 6-4: Extracted ion chromatograms for the standard mixture of ArAO in positive ion
mode by nomlerivatisation LEMS method on a ACE 3 C18 column (150 x 3.0mm, 5um) with
a gradient mobile phase between 0.0%) formic acid in water and 0.1% v/v formic acid in
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Page| 186



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 methbdxadecanoic acicind
tetradecanoic acid were coupled with choline by using the FMP coupling reagents
procedure. The results showed that both saturdategichain fatty acids (SLCFA)

were successfully coupled with choline and were detected based on the exact mass of
the couplng and the reaction outline as showrFigure 6-5. It was found that the
method worked best when a large excess of choline (100ug) wasThseaesults of
carboxylic acid derivatisation method showed that the peak area and shHape of
were better whernthe coupling was performed using the FMP. Extracted ion
chromatograms and the mass spectral analysdeforatives ofFAs are illustrated in

Figure 6-6 for palmitic acid, andrigure 6-7 for myristic acid.

0 CHs
et N/' cH
OH / SANGAG,
*—CHa FMP o \
+ Hc/\/N\CN i H CHa
Cth ’ CHa

Palmitic acid ( CisH202) Choline ( CsHiNO™) Coupled Palmitic acid ( CH=NO™)
(bexadecanoic acid) Mass = 104.17 Mass = 342.3366

Mass =256.43

5 0 CH,
/
N*—CH; H i
N + TN \CHE -

Myristic acid ( C1:Hx0;) Choline ( CsHiNO™) Coupled Myristic acid ( C:sH:NO™)
(1-tetradecanoic acid) Mass = 104.17 Mass = 3143054

Mass = 22838

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 6-7: 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 ananobile phase (B) 0.1%/v) formic acid inACN
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Serial dilution of palmitic acid in the range 0-Qig/ml was testeth order to gain
someimpression of the LO(Xhe area of the peak was plotted against its concentration
and the calibration curve was cansted. The calibration curve showed linearity with
R?=0.995 and the regression equation wass8517X + 7887.® as show irFigure

6-8.

Thus all further couplings of this research project, choline coupling of carboxylic acid
derivatives, were performedsing FMP coupling agent to identify and quantify
oxidised fatty acids, oxylipin metabolites derived from linoleic acid and arachidonic

acid, in human plasma.

70000

y = 58517x + 7887.6

@
R2=0.995 .-

60000
50000
40000 fn,,u""
30000
20000

10000 | .-@"
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Figure 6-8: Calibration curve of palmitic acid in the range of 0-0fig/ml
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6.3.3 Oxidised Fatty Acids Derivatisation

The standard mixtuseof LAO and ArAO were used to examine the ability of this
methodfor theidentification and quantification of oxylipin metabolitesbiological
samplesThestandard mixture of LA@vhich containssets ofisomers, inclughg 1. 9-
Ox0ODE and 13-Ox0ODE 2. (+)9(10}DiIHOME and (+)12(13)DiHOME 3. 9(S)
HODE, 13(S)HODE, (x)9(10)EpOME and(+)12(13=pOME Generally there are
four linoleic acid derivativegOxoODE, DIHOME,HODE and EpOME) that have
three different chemical formulas and molar neass listed inTable6-S1for which
there were no standard& deuteratedinoleic acid oxylipins (DLAO) mixture was
utilised to discriminate between isomeirs the LAO mixture throughcomparison of
theretention time of the labelled and unlabelled LACEhe discrimination between
of theoxylipin isomers irthe LAO mixtureis shownin Figure6-9 (A, B and C) Using
this informationin combination with thalifferentiation among these isomers, under
underivatised conditionaccording to product information provided by company
Figure6-S1( Cay manc hem, dstval as studie2riir@gtha)elution of
HODE is faster than EpOME>SouveiaFigueiraet al, 2015, Strassburet al, 2012)

it was possible to be fairly confident of the assignmBmtis perhaps not surprisingly
the order of elution for the derivatised compounds uRdRonditions appeared to be
the same as for the underivatised compouidshe sameway, the differentiation
among ArAO isomers was based on the product information of ArAO mixture
provided by compankigure6-S2( Cay manc hem, fortheeaktionord0 6 6 6 )

of the underivatised compounds uné&étconditions

Separation of althe standard mixture components of LAO and Ar&Gshownin

Figure6-10 andFigure6-11, respectively.
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The comprehensive details of the oxyhipmetabolites o£ AO andArAO as well as
internal standard mixture components analysed by derivatisation procedure in this

work aresummarsedin Table6-1. The overview of extracted ion chromatography in
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Figures6-10 and6-11 indicates that oxidised fatty acids derivatisation metwat
choline coupling isa suitable method to achieve a good chromatographic separation

and has the ability to ideryifind quantiy oxylipins in biological samples.

Table6-1: The chemical formula, molar mass and retention time for the oxylipin metabolites
after carrying out derivatisation procedure.

o Derivatised | Derivatised Retentiorl
Oxylipins name Abbreviation Chemical Molar .
Time(RT)
Formula Mass

(i)lz,13dihydrOXyQZ'OCtadecen(JiC acid (i)12(13)D|HOME GosHasOuN 400.34 9.84
(i)9,10dihydroxylZZ-OCtadecenoiC acid (i)9(10)D|HOME GosHasOuN 400.34 10.09
9ShydroxleE,1ZZDCtadecadien0iC acid g(s)_HODE CosHaaOsN 382.33 11.08
13Shydroxy9Z,11Eoctadecadienoic acid 13(s)HODE CasHasOsN 382.33 11.22
13'0X0'gz,1lE)CtadecadienOiC acid 13-Ox0ODE GCosHazOsN 380.32 11.37
9-0x0-10E,122ctadecadienoic acid 9-Ox0ODE CasHazOsN 380.32 11.65
(£)12(13)epoxpZoctadecenoic acid (£)12(13)EPOME  CisHuON | 38233 | 11.92
(+)9,10epoxyl2Zoctadecenoic acid (+)9(10)EPOME|  GosHasOaN 382.33 12.05
5-0x0-6E,8Z,11Z,14&cosatetraenoic acid 5-OXoETE GosHa2OsN 404.33 12.62
12-0x0-5Z,8Z,10E,14&icosatetraenoic acic 12-Ox0ETE CasHasOsN 404.33 12.42
15-0x0-5Z,8Z,11Z,13E&icosatetraenoic acio 15-Ox0ETE CosHarOsN 404.33 11.60
15Shydroxy52,82,117,13&icosatetraenoic

acid 15(S)HETE GosHaaOsN 406.33 11.28
12Shydroxy5Z,8Z,10E,14€icosatetraenoic

acid 12(SYHETE GosHaaOsN 406.33 11.58
11Shydroxy5Z,8Z,12E,14&icosatetraenoic

acid 11(SHETE GosHasOsN 406.33 11.55
ORhydroxy527,7E,11Z,14&cosatetraenoic

acid 9(RYHETE CosHasOsN 406.33 | 11.73
8Shydroxy5Z,9E,11Z,14& cosatetraenoic

acid 8(SYHETE GosHaaOsN 406.33 11.55
5Shydroxy6E,82,117,14&cosatetraenoic

acid 5(S)HETE GosHasOsN 406.33 11.85
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Figure 6-10: The chromatographic separation among the standard mixture components of
LAO under derivatisation conditions.
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Figure 6-11: The chromatographic separation among the standard mixture components of
ArAO under derivatisation conditions.

Page| 193



6.3.4 Oxylipin Quantification and  Profiling of Plasma Samples from

Healthy Human

Human pasmasamplesvere extracte@nd analged by HPLCAZSFMS according to

the current derivatisation methdelgure6-12 shows an extracted ion for the oxylipins
obtained from the human plasma samples following consumption of beetrooAjuice.
eight point(0.0, 2.5, 5.0, 10.0, 20.0, 40.0, 80.0 and 160.0cagibration curve was
prepared foamix of native LAO and ArAO standards ACN. Theinternal standard
(13(SyHODE-d4) was added in the native standard and sample mixtures at a fixed
concentration of 8.0 ng.Table6-2 summarsesthe calibration data for the fourteen
oxylipin derivatives obtained by plotting the ratio of the peak area for each the oxylipin
against the 13(SHHODE-d4 asan internal standardCalibration dat& were obtained

from the standard curveas shown in Figure-1 36-2¢ and are usedto evaluate
linearity, the slop andR?, for all theoxylipins in the range (2:360.0 ng) The LGMS
method was applied to measure the amount of oxylipin in different biological samples.
The plasma oxylipin levelsefore and after ingestion of beetroot juisere quantified
based orthe calibration (standard) curve3able 6-3 shows the concerations of
oxylipins detected in plasma of healthy subjects at two-poiets are baseline (0 min)
and after 120min ofingestion of beetrootjuice. The comparison between the
concentrations of oxylipins at these tipeints indicates that thereereonly weakly
significant changes beirapbservedor 9 and 12 EpOME which were slightly elevated
post ingestion of beetroot juicEhis method was able to achieve the requirements and
provided good sensitivity to evaluate oxylipin profiles and quantify theirdeatdbw

concentrationslownng/ml.
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Figure 6-12: LAO isomers extracted from plasma samples: ()X ODE and 130x00ODE,
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Figure 6- 13: the calibration curves of 1@&0-9Z,11Eoctadecadienoic acid in the range
(2.5160.0 ng).
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Figure 6- 14: The calibration curves of-8xo-10E,12Zoctadecadienoiacid in the range
(2.5160.0 ng).
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Figure 6- 15: the calibration curves of 98ydroxy-10E,12Zoctadecadienoic acid in the
range (2.5160.0 ng).
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Figure 6- 16: the calibration curves df3Shydroxy-9Z, 11Eoctadecadienoic acid in the
range (2.5160.0 ng).
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Figure 6- 17: the calibration curves of () 9, ¥poxy12Z-octadecenoic acid in the range
(2.5160.0 ng).
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Figure 6- 18: the calibration curves of () 12, (13) epeS¥-octadecenoic acid in the range
(2.5160.0 ng).
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Figure 6- 19: the calibration curves of () 9, Ahydroxy-12Z-octadecenoic acid in the
range (2.5160.0 ng).
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Figure 6- 20: the calibration curves of () 12, 4Bhydroxy-9Z-octadecenoic acid in the
range (2.5160.0 ng).
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Figure 6- 21: the calibration curves of-6xo-6E, 87, 117, 14Zicosatetraenoic acid in the
range(2.5-160.0 ng).
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Figure 6- 22 the calibration curves of 1@o0-5Z, 8Z, 10E, 14icosatetraenoic acid in the
range (2.5160.0 ng).
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Figure 6- 23: the calibration curves of 1&x0-5Z, 8Z, 11Z,13E-eicosatetraenoic acid in the
range (2.5160.0 ng).
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Figure 6- 24: the calibration curves of 58ydroxy-6E, 87, 117, 14Zicosatetraenoic acid
in the range (2:860.0 ng).
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Figure 6- 25: thecalibration curves of 128ydroxy5Z, 8Z, 10E, 14Z&icosatetraenoic acid
in the range (2:460.0 ng).
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Figure 6- 26: the calibration curves of 158/droxy5Z, 87, 117, 13Eeicosatetraenoic acid
in the range (2:860.0 ng).
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Table6-2: Calibration data based on ratio of response of derivatised oxylpins to response
for derivatised internal standard (13¢(&)ODE-d4) over the range 2:560.0 ng

LAO Mixture Equation of the line ((39)
13-OxoODE Y=38.854X.0476 0.9914
9-OxoODE Y=39.704X.0835 0.9897
13 (SYHODE Y=36.071>.0438 0.9976
9 (S)HODE Y=29.095X.034 0.9765
(£)12 (13)EpOME Y=8.0626X+0.0067 0.9968
()9 (10)EpOME Y=28.439%0.0516 0.9968
()12 (13)DIHOME Y=46.171X.0791 0.9905
()9 (L0)DIHOME Y=39.171.0379 0.9968
ArAO Mixture
15-OxoETE Y=45.969X.0944 0.9933
12-OxoETE Y=8.758X.0012 0.9977
5-Ox0ETE Y=18.278X.0287 0.9919
15(SHETE Y=38.196xX.1017 0.9774
12(SHETE Y=115.24X.2817 0.9755
5(SYHETE Y=63.047X%.1969 0.9755

Table6-3: Concentrations (ng/100ul) for oxylipin metabolites derived from LAO and ArAO
in plasma samples at prand postingested beetroot

Linoleic Acid Oxylipins (nd00ul) Arachidonic AcidOxylipins (ngL00ul)

Sample | 200 | 9-0%0 13(8) | 9 9(10y | 12(13) l;&;),\‘ﬂ 15-0x0 | 12-0xo0 | 15(S) | 12(S) | 5(S)
ODE | ODE | HODE | HODE | EpOME| EpOME| _ ETE ETE HETE | HETE | HETE

CES1 | 36.8 38.6 43.6 79.8 97.2 270.6 | 11.4 26.6 24.9 40 41.2 46.3
CMS1 | 29.7 28.8 66.9 105.5 | 84.9 227.2 | 10.6 231 33.1 59 48.2 60.4
DRS1 | 17 24.4 50 74.3 445 84.5 10.3 22.6 38 47.6 36.3 40.6
GSS1 | 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 | 235 25.4 50 86.6 70.8 1774 | 10.4 24.2 9 62.4 44.5 51.6
CES4 | 26.8 255 56.5 1319 | 655 158.8 | 9.7 23.3 82.2 63.8 47 59.8
CMS4 | 25.2 22.7 55 80.8 53.4 116 9.7 22.4 194 60.4 39.7 57.9
DRS4 | 21.5 25.7 41.7 71.3 39.5 67.1 9.7 22.8 11.2 44.6 35.8 48.5

GSS4 | 24.6 25.9 45.2 717 48.3 97.9 9.7 22.4 245 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
PVal. | 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 metabolomiagsearctihatthe LGMS-based profiling oFAs has three
major challenges imchievingquantification and identification of oxylipins. Firstly,
the structures of most oxidised fatty agidspecially isomers, are similar. Secondly,
oxylipins are present dow endogenous concentrations. In the studasiedout by
LCAMS analysisfor bioactive lipidswithout prior derivatisationsamples undergo a
process of extraction by solid phase extraction (SPEpemdnalysed withegative
ion detectior{GouveiaFigueiraet al, 2015, Yangpt al, 2009, Strassbusgtal., 2012)
This method is effective for targeted analysis of lipids by using MS/MS dyut f
untargeted analysis improved sensitivity afforded by using positive ion mode.
Severalderivatisatiorbased studieeport methods for taggincarboxylic acid with

a permanent positive charge suchaagiaternary ammoniunon or alternativelyan
electroncaptuing pentafluorobenzyl moiet{gohnson, 2000, Yarg al, 2007, Li and
Franke, 2011, Johnscet al, 20@, Leeet al, 2003, Pettinelleet al, 2007) for
improved detection by negative ion chemical ionisation

The limited application of thderivatisation method developed by Johnsbal. and
modified by Xingnan and Adrian for the detectionF#s may be because tfieuse

of harmful reagents and multiple derivatisation sigpand Franke, 2011, Johnseh
al.,, 2003) Thelong analysis runiamajorchda | enge i n YYanggtals met h
2007) Additionally, there are other problems suchirmsomplete separation for
oxidised fatty acidaind dicarboxylic acids and the iaiéin tagging of saturatedAs
that may limitthe application of some methods of carboxylic acid derivatisation

(Johnson, 2000, Le=t al, 2003, Pettinellat al., 2007)

Page| 204



After the investigation of strengths and weakness points in previous studies, many
requirements must be available in developed derivatisation metbodkem to
provide an optimal method to identify and quantify toharboxylic acids and its
derivatives. Te first reqirements thatthe derivatisation reaction must be simple and
carry out in short timavith afew stepsSecondy, it is preferredhatthese methoddo

not use harmful and expensive reagents. Thirthe products othe derivatisation
reacton shouldbe stablecompounds and contaieadilyprotoratedgroup, such as an
amine group, which can be easibnised to provide an increase in sensitivity
detection by positivedon ESI. Finally, the accurate and sensitive derivatisation
approachshouldprovide good chromatographic separation and gabsicrimination
among the isomsiof oxidisedfatty acics.

One of the most common quaternary ammonium salts which can be combined with
carboxylic acids is choline, trimethylaminoethyl (TMAE). The cleadf cholinevas
due toits characteriscs such as low toxicity, high stability, nereactivity with water,
biodegradability and the wide commercial availabi{iBrespoet al, 2017, Pontest

al., 2017) Chemically, TMAE or choline isnoresensitivefor the analysis different
types ofcarboxylc acidsby ESFMS/MS in compason with dimethylaminoethyl
(DMAE). The TMAE derivatives of long chain fatty acids (HMAE), choline ester
salt, can provide compounds selectivity andisitgldhoecause of thelgave a positive
charge in both acidic and mobiphasegJohnson, 2000Moreover, choline coupling
procedure using FMP coupling reagergs choseras it consumgless time andhas
uncomplicated handling comparéal other procedurewhich require at least three
hours for the reaction to complgia and Franke, 2011, Johnsenal, 2003) Yang

et al. derivatised carboxylic acids by the coupling reaction ebr@nol-
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methylpyridinium iodide and -8arbinoll-methylpyridinium iodide, forming 3
acyloxymethy1-methylpyridinium iodide (AMMP). This methodsed aseparation

and detection systems performed on HPLC/ESI with a long analysis run, 40 min,

and itwas not applié for quantification of oxidised fatty aciq¥anget al, 2007)

This derivatsing method is fast and quantitative, without a complicated handling
procedure. Higashand his teamhave investigated the coupling reaction of 2
picolylamine with carboxylic acid using triphenylphosphine (TPP) ardd2pyridyl
disulphide (DPDS) via a onepot synthesis stepHowever, it is found that the
TPP/DPDS catalysed reaction products interfere with late eluting FAs as wia#l as
reaction time is longer compared to the total reaction time under current LC conditions
(Higashiet al, 2010) The ease ionization of analytes and ionization efficiency are the
main challenges in LC/MS applications in the case of carboxytaining compounds.
lonization efficieng of fatty acids in the negative ion mode of ionization is impacted
by the concentration of organic solvent, in the range o3 acetonitrile.
Dissociation of fatty acids in acetonitrile can be suppressed through increases detection
sensitivity in the psitive ion mode. Thus, derivatization of fatty acids affords the
opportunity to incorporate features that can substantially enhance their detection and
quantification by HPLC/ESMS (Yanget 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 doidke
current caselwline esterification to thearboxylicacids andtheir oxidation products
resulted in formation of derivatigeontaining aguaternary ammoniumgroup (OFA-
TMAE) with short and uncomplicated steffSgure6-2) andthe 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 biologicdly HPLC/ESIMS. The new
derivatiation approackvasperformed by the coupling of fatty acittscholineusing
2-fluoro-1-methylpyridinium ptoluene sulfonate (FMP)and formed stable
derivatives The quaternary ammonium part of the coupled cholinelenthe
derivitatised compound permaneytbnised in both acid and basic mobile phases. The
cholinederivatsationwas successfully applied to determine oxidisarboxylicacid
metabolitesn biological samplesA developedHPLC/ESEMS method was tested by
simultaneously quantifying 1dxylipins in human plasma sampleSeparation and
detection of all oxylipins in plasma samples was achiewetit was able to separate
isomeric species and quantdyylipinsto the lowng/mllevel. The use of tandem MS
would allow determination at mucbwer levelsThe 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, tke developed method in the current study
mustbe validatedaccording to guidelines given by different organizations such as the
laboratory of thegovernmentchemists (LGC) and th&bod anddrug administration
(FDA). The validation process should 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 bioscien¢€ukusaki and Kobayashi, 2005)

Over the past two decades, the efforts have been detmtesing metabolomics
studies in biomedical area for prediction loé tsuitability of metabolites as molecular
biomarkes which can beausedin clinical investigationDue tothe factthat 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
exploiing 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 pathogeit mechanisms(Bartel et al, 2013, Denoroyet al, 2013)
Metabolomics studies haweenfound to address most tie challenges associated

with MS/MS data interpretation, databasentent, and isomer resolution and
identification confidenceMetabolome researchas hadtremendous successes in
biomedical sciences through providiagbetter understanihg of the mechanisms

underlying health and disease.

The current study has added new evidence to supportusb&ulnessof the
metabolomics approach in biomedical research through usiAg&@chniques for
metabolomic profilingof biological fluids, human urine and plasma, and brain tissue.
In this thesismetabolomics based on LS wasused as analytical technique in both
untargeted metabolic profiling, i.e. measuring many metabolites as possible, and

targeted metaboliprofiling , i.e. targeting of sugars and carboxylic acid compounds.
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Untargeted metabotoics wasperformed by using chromatography on a ZICpHILIC
and C18AR columns with detection by Orbitrap mass spectrometry to obtain broader
coverage for polar and ngpolar metabolites. These metabolites were profiled in urine
samples after submaximal egise at a standardised relative intensity in healthy adults
(Chapter3) and postmortem brain samples from subject with mental illn€sapter

4). The doice of these columns as the best method for analysis of metabolites in

metabolomic screens supporéd by previous related stu@@hanget al, 2014)

Metabolomics can be applied not only to monitor the metabolic changes in many
pathological conditions and diseases, but can also be us$elibt 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
metadolites 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 iChapter3 of this thes. Maximal oxygen consumption (M) 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
causeqSousaet al, 2015) Therefore, it was of interest to determine if there was a
metabolite 0 metabolites which could be correlated to M&. The most interesting
clinically relevant finding was thebservation of a single metabolic marker which is

apparently correlated to \iax A previous study aimed to find markers which could
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predict VOmaxand found that a model based on a combinatiorethyliphenylsulfate,
tryptophan,”¥ o ¢ o p h e r-hydoxyisoaatethte Was predictive of @ in a

cohort of 77 subjects with?R= 0.66 (Lustgartenet al, 2013) Although the current
study is small the single OHA marker in the current case gawe0R8589 and thus a
greater degree of correlation to Wkaxthan the previous studynd based on a single
marker The current study can only be considered to haveensgreliminary
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 saanpl the first
postexercise sample which is most predictive ofM&@and with a high ratio of first
postexercise to first void sample indicating a high M& as indicated by the plot
shown inFigure 314. Although the MW of the marker compoundsisall, 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 V@haxin all participants which is of vitamportance in terms of
assessing the predictive of any metabolic markers. This is likely due to the fact that
partidpants had completed several previous maximal exercise tests prior to
participation in the present study. This is an important point toiden$or future

larger scale research work in this area.

In Chapter 4, a full discussion of the metabolomic profiling of ymosttem brain
samples that revead changes in amino acid and glucose metabolism in mental illness
disorders compared with contral&spresented. This project was designed according
to evidences that indicated historica#lyclinical relationship between diabetes and

mental illnessn addition there wereo previous metabolomics studies of pogirtem
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brain tissue in mental illnegRkegenoldet al, 2004) The importance of this study
came across highlightl key elements in SDBnetabolismwhich could reflect the
metabolic similarity between SDB and diabetes. Thus, this finding is clinically
important andurther supports the idea that adiabetic treatments might have a role

in the management of SDB.

In Chapter Stargeted metabolomics wagrformed inorder totag the sugara/hich
otherwise give only weak responses and are difficult distinguish since sugar isomers
usually overlap in most HPLC methodonsideringnegative ion LEESIMS is less
sensitive than positive ion, the derivatisatioethods with a permanent positive
charge provide response factors of the tagged compounds more 100 times than those
for the untagged compounds in negative e work in chapter 5 further-enforced

the view that sugar metabolism is perturbed in melinakss.

In Chapter6 a novel method was developed for tagging fatty acids whiare g
relatively low responses in negative ion mode. Attachment of choline as a tag enabled
enhancement of detection limits in comparison to the untagged aadxdyO0. 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 he studes also umlerlined the reliability of the current ressignsumg
analytical confidencén the used methods. These activities are further divided into
validation of instrumental and method identification limits. The removal of
instrumental variation can lm®rrectel 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 delyito be different than those in se
examined samples. Therefonath high precision, pooled samples were prepared from

all actual samples and were injectgdntervals 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 goodnessf fit. Data mod#ing validation is important approach to validate the
applied methods and to obtain the reliable results because, without validation, there
are always associated risks of ofiting the data. Such ovditted data stands out to

be unreliable if consided for any clinical situations.

In the present untargeted metabolomic applications, the internal validation tools
include a variance explained3jRind predicted values fQwhichare used to evaluate

the quality and goodness of models. THer@presentgjuantitative measure of the
goodness of fit and best its value is close to 1. The goodness of model has been inferred
through increasingthe R? value to be close to the maximal value of one, whilst
reduction this value to zero indicatepoor model. Despé a high R value (close to

1) the goodness of these maiedn beevaluated as poor models, maklat cannot

predict, by reason of a large discrepancy ol G values(Westerhuist al, 2008)

After internal validation, the accepted modellwgsalso validated by two external
methods include CMNOVA, where the returned -Palue is indicative of the
statistical significaoe of difference inthe investigated sam@eand the permutation

test. The permutation test givesreliable assessment for tlepurious nature or
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credibility of the model through the comparison of the goodness of fit then provides
reference distributions of the’R?-value(Worley and Powers, 2013 he criteria for
validity are: Allblue G-values to the left are lower than the original points to the right
or regression line of the®@oints intersects the vertical axis (on the left) at, or below
zero. Note that theRvalues 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-BNOVA which corresponds to H
hypothesis of equatross validated predictive residual of the supervised model in

comparison with the variation around the méankssonet al, 2008)
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Appendix-l: Supplementary Data

Table 2S1: the details of 440 positive and negative ions for 220 standards prepared in four standard mixtures (Std. mix) usededltet@atched metabolites in
biological samples

ZIGHILIC ZIGpHILIC C18
Polarit | Std.
No |y mix Compound Name Formula miz Pathway map RT peak RT peak RT peak
1| N 1 | Inosine C10H12N405 | 268.080771 | Purine Metabolism 11.43| 1.28E+07|  11.4| 7.33E+06| 7.52| 1.01E+07
2 P 1 Inosine C10H12N405 268.080771 | PurineMetabolism 11.46 | 8.66E+06| 11.34| 5.51E+06| 7.53 | 3.83E+06
3| N 1 | Xanthosine C10H12N406 | 284.075686 | Purine Metabolism 1152 | 4.20E+06| 13.08 | 1.89E+06| 10.82| 3.65E+06
4 P 1 Xanthosine C10H12N406 284.075686 | Purine Metabolism 11.55| 1.83E+06| 13.02| 7.17E+05| 10.81| 5.76E+05
5| N 1 |vp C10H13N408P | 348.047103 | Purine Metabolism 15.84| 4.00E+06| 16.28| 2.27E+06] 6.22| 1.22E+07
6| P 1 | IMP C10H13N408P | 348.047103 | Purine Metabolism 15.85| 3.86E+05| 16.27| 2.38E+05| 6.21| 1.19E+06
7] N 1 | Adenosine C10H13N504 | 267.096755 | PurineMetabolism 12.8 | 4.15E+06| 9.44 | 1.50E+06) - N
8| P 1 | Adenosine C10H13N504 | 267.096755 | Purine Metabolism 14.92| 1.04E+07| 947 | 1.41E+07| 749 | 142E+07
9 N 1 Maltose C12H22011 342.116215 | Starch and Sucrose Metabolism 14.89 | 2.00E+05| 16.56 | 5.39E+05] -
10 P 1 | Maltose C12H22011 342.116215 | Starch and Sucrose Metabolism 16.44 | 1.37E+05| - N -
11| N 1 | Uridine Sidiphosphoglucose C15H24N2017P] 566.055027 ff?fﬁsoﬂ?nsucrose Metabollsmi GRIRCIOse | 2130 | 1.26E+05 17.24| 3.31E+06|  8.89 | 3.29E+05
12| p 1 | Uridine5-diphosphoglucose C15H24N2017P] 566.055027 fﬁt:trgsoizisucrose Metabolsm Galactose | . N 17.23 | 1.63E+03) - N
13| N 1 | Riboflavin C17H20N406 | 376.138286 | Riboflavin Metabolism 8.89 | 3.94E+06| 8.99 | 2.14E+06| 15.32| 1.19E+07
14| P 1 | Riboflavin C17H20N406 | 376.138286 | Riboflavin Metabolism 8.9 | 7.80E+06 9 | 8.98E+06| 15.31| 1.10E+07
15 N 1 UDPRN-acetytD-glucosamine C17H27N3017P] 607.081576 | Amino Sugar Metabolism 19.08 | 1.24E+05| 16.01| 3.16E+06| 9.12 | 3.48E+05
16 P 1 UDRN-acetytD-glucosamine C17H27N3017P] 607.081576 | Amino Sugar Metabolism - N 16 | 3.10E+04| - N
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ZIGHILIC ZIGpHILIC C18
Polarit | Std.
No |y mix Compound Name Formula MwW Pathway map RT peak RT peak RT peak
C21H36N7016P] Phenylacetate Metabolism; Butyrate
17| N 1 | CoA S 767.115215 | Metabolism ) N 14541 1.18E+06) - N
C21H36N7016P] Phenylacetate Metabolism; Butyrate

18 1 | CoA S 767.115215 | Metabolism i N 14.56 | 2.31E+05) - N

19 N 1 | FAD C27H33N9015P] 785.15714 | Citric Acid Cycle; Riboflavin Metabolism 30.23 | 5.52E+04] 12.45| 1.54E+06| 13.64| 3.89E+05

20 1 | FAD C27H33N9015P] 785.15714 | Citric Acid Cycle; Riboflavin Metabolism - N 12.47| 4.23E+05| - N
Taurine and Hypotaurine Metabolism; Bile A

21| N 1 | Taurine C2H7NO3S 125.014665 | Biosynthesis 16.93| 1.73E+07) 15.64 | 4.76E+06] 548 | 137E+07
Taurine and Hypotaurine Metabolism; Bile A

22 P 1 Taurine C2H7NO3S 125.014665 | Biosynthesis 16.94 | 2.25E+06] 1568 | 3.06E+05 5.49 8.14E+05

23| N 1 | Malonate C3H404 104.01096 | Aspartate Metabolism/Fatty acid Biosynthesij  8:24 | 5.29E+06| 16.64 | 1.61E+07] 7.16 | 3.01E+06

24 p 1 Malonate C3H404 104.01096 Aspartate Metabolism/Fatty acid Biosynthesi| ~ N } N B N

25| N 1 | L-Alanine C3H7NO2 89.047679 | Transcription/Translation; Urea Cycle 18.83 | 5.00E+04) 15.34 | 1.09E+06| -

26 P 1 L-Alanine C3H7NO2 89.047679 | Transcription/Translation; Urea Cycle 18.93 | 1.21E+07| 153 | 8.33E+06| 545 | 2.35E+07

27| N 1 L-Serine C3H7NO3 105.042594 | Ammonia Recycling; Sphingolipid Metabolisrj 199 | 2.87E+06| 16.39 | 2.96E+05]  5.37 | 1.76E+06

28| P 1 | L-Serine C3H7NO3 105.042594 | AmmoniaRecycling; Sphingolipid Metabolisry  19-93 | 2.40E+06]  16.35| 4.00E+05] 5.36 | 1.54E+06
Fructose and Mannose Degradation; Pentos

29 N 1 DL-Glyceraldehyde-Bhosphate C3H706P 169.998027 | Phosphate Pathway 17.22 | 8.25E+05]  17.07 | 7.95E+04 541 4.37E+05
Fructose and Mannose Degradation; Pentos{ N ) N . N

30 1 DL-Glyceraldehyde-Bhosphate C3H706P 169.998027 | Phosphate Pathway

31| N 1 D(+)2Phosphoglyceric acid C3H707P 185.992942 | no 19.99| 3.24E+05| 17.68 | 2.91E+06] 6.13| 1.14E+06

32 1 | D(+)2Phosphoglyceric acid C3H707P 185.992942 | no - N - N - N
Spermidine and Spermine ) N ) N ) N

33 N 1 Putrescine C4H12N2 88.100048 Biosynthesis/Methionine Metabolism
Spermidine and Spermine

34 P 1 Putrescine CAH12N2 88.100048 Biosynthesis/Methionine Metabolism 35.52| 5.72E+06) 19.97 | 4.65E+04 475 1.398+07
Phenylalanine and Tyrosine Metabolism;

35 N 1 Fumarate C4H404 116.01096 Arginine and Proline Metabolism 744 | 1.30B+07|  17.04 | 1.68E+07 9.41 L13E+07
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ZIGHILIC ZIGpHILIC C18
Polarit | Std.
No |y mix Compound Name Formula MwW Pathway map RT peak RT peak RT peak
Phenylalanine and Tyrosine Metabolism; ) N ) N ) N
36 P 1 Fumarate C4H404 116.01096 Arginine and Proline Metabolism
37| N 1 | Cytosine C4H5N30 111.043262 | no 20.89 | 2.66E+04| 11.68| 3.43E+05| - N
38 P 1 Cytosine C4H5N30 111.043262 no 20.86 | 1.95E+07 11.53 | 1.10E+07 5.67 2.08E+07
39 N 1 Acetoacetate C4H603 102.031695 | Ketone Body Metabolism; Tyrosine Metaboli 6.2 | 1.44E+05 7.74 | 7.82E+05| - N
40 P 1 Acetoacetate C4H603 102.031695 | Ketone Body Metabolism; Tyrosiketabolism | - N i} N B
Valine, Leucine and Isoleucine Degradation;
41 N 1 Methylmalonate C4H604 118.02661 Propanoate Metabolism 77| 1.99B+07) 1581 3.68E+07| 10.62 L1.728+07
Valine, Leucine and Isoleucine Degradation;| N ) N ) N
42 P 1 Methylmalonate C4H604 118.02661 Propanoate Metabolism
Transcription/Translation; Arginine and Prolir
43| N 1 | LAspartate CAH7NO4 133.037509 | Metabolism 18.83 | 2.01E+06| 1588 | 1.44B+05 544 | 8458405
Transcription/Translation; Arginine aRdbline
44 1 | L-Aspartate C4H7NO4 133.037509 | Metabolism 18.82| 3.29B+05| 1584 | 3.34E+04  545| 1.77E+05
45 N 1 L-Threonic acid C4H805 136.037175 no 13.42 | 7.10E+06 13.63 | 3.59E+07 5.77 2.83E+07
46 1 | L-Threonic acid C4H805 136.037175 | no - N - N - N
Glycineand Serine Metabolism; Arginine and 18.24 | 976E+05| 15.18| 6.21E+05 5.88 127E405
a7 N 1 creatine C4HIN302 131.069477 | Proline Metabolism ) ) ) ) ) )
Glycine and Serine Metabolism; Arginine and
8| P 1 | creatine C4HIN302 131.069477 | 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] 541 9.71E+06
50 P 1 L-Homoserine C4HINO3 119.058244 | Methionine Metabolism 19.25| 2.60E+07| 1561 | 1.62E+07| 5.42| 2.33E+07
51 N 1 L-Glutamine C5H10N203 146.069143 | PyrimidineMetabolism; Glutamate Metabolisr] 19-44 | 1.42E+07| 1564 | 1.38E+06| 541 | 6.48E+06
52 P 1 L-Glutamine C5H10N203 146.069143 | Pyrimidine Metabolism; Glutamate Metabolig  19-43 | 9.03E+06 15.68 | 8.52E+06| ~ 5.45| 7.01E+06
53| N 1 | L-Arabinose C5H1005 150.052825 | no 14.55| 3.97E+05| 13.82| 2.00E+05| - N
54| P 1 | L-Arabinose C5H1005 150.052825 | no - N - N -
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ZIGHILIC ZIGpHILIC C18
Polarit | Std.
No |y mix Compound Name Formula MwW Pathway map RT peak RT peak RT peak

_ Glycine _an(Serine Metabolism; Betaine ) N ) N ) N
55 N 1 Betaine C5H11NO2 117.078979 | Metabolism
56 1 | Betaine C5H11INO2 117.078979 Egggslfs?r? Serne Metabolism Betaine 16.92| 2.99E+07) 11.69 | 1.19E+08| 576 | 4.23E+07
57| N 1 | L-Methionine C5H1INO2S 149.05105 | Betaine Metabolism; Methionirldetabolism 15.18 | 1.05E+06| 12.17| 4.60E+06| 7.46| 2.52E+06
58 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 | DRibose Bhosphate C5H1108P 230.019157 ggm\]/\e/a’\;etabdlsm' Pentoshosphae 16.14 | 1.24B+05)  14.1| 1.97B+04] 561 | 259E+06
60 P 1 D-Ribose Fhosphate C5H1108P 230.019157 g:[ma’\;etam“sm Pentose Fhosphate ) N 14.42 | 1.85E+03) - N
61| N 1| xylitol C5H1205 152.068475 | no 13.67 | 9.63E+05) 13.34| 4.03E+06| - N
62| P 1| Xylitol C5H1205 152.068475 | no 13.68 | 2.97E+05) - N 558 | 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 C5HAN402 152.033426 | Purine Metabolism 9.93 | 9.43E+06| 12.05| 5.43E+06| 7.48| 2.48E+07
66| P 1 | Xanthine C5H4N402 152.033426 | Purine Metabolism 9.92 | 3.22E+06| - N 7.47 | 4.84E+05
67| N 1 | citraconate C5H604 13002661 | no 6.27 | 1.33E+06| 7.71 | 9.64E+06| 15.43| 5.29E+06
68| P 1 | Citraconate C5H604 130.02661 | no - N - N - N
69 N 1 2-Oxoglutarate C5H605 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 C5H605 146.021525 | Citric Acid Cycle; Gluconeogenesis B N i} N B N
7l N 1 | Citramalate C5H805 148.037175 | no 10.23 | 1.39E+07| 15.73| 1.62E+08| 7.59 | 5.96E+07
72| P 1 | Citramalate C5H805 148.037175 | no - N - N -
73| N 1 | L-Proline C5HINO2 115.063329 | Arginine and Proline Metabolism - N 13.31| 1.24E+06) -
74 P 1 L-Proline C5HIONO2 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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ZIGHILIC ZIGpHILIC C18
Polarit | Std.
No |y mix Compound Name Formula MwW Pathway map RT peak RT peak RT Peak

750 N 1 | Cis4-HydroxyD-Proline C5HINO3 131.058244 | no 18.72/| 1.56E+07| 1553 | 2.53E+06| 5.46 | 1.78E+06
76| P 1 | Cis4-HydroxyD-Proline C5HINO3 131.058244 | no 18.71| 1.72E+07| 1554 | 1.78E+07| 547 | 1.19E+07
770 N 1 | L-Glutamate C5HINO4 147.053159 | AlanineMetabolism; Histidine Metabolism 15.77] 3.00E+05 11.82| 1.82E+06] 557 | 4.49E+05
78 P 1 L-Glutamate C5HINO4 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 C6H10N202 142.074228 | Glycine, serine arttireonine metabolism 17.2/| 5.02E+06| 13.56 | 1.15E+07| 6.04 | 3.71E+06
80 P 1 Ectoine C6H10N202 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 | DGalacturonate C6H1007 194.042655 | no 16.25| 5.15E+06| 17.07 | 2.29E+06  5.64 | 5.71E+06
82| P 1 | D-Galacturonate C6H1007 194.042655 | no - N - N - N

83 N 1 L-Cystine C6H12N204S2 | 240.02385 no 23.58 | 1.24E+06| 17.07 | 3.70E+05 5.32 9.10E+05
84 p 1 L-Cystine C6H12N204S2 | 240.02385 no 23.62 | 5.06E+05| 17.03| 1.50E+05 5.31 3.93E+05
85 N 1 rhamnose C6H1205 164.068475 | no 12.18 | 7.44E+05| 11.47 | 6.53E+05 5.88 2.04E+05
86| P 1 | rhamnose C6H1205 164.068475 | no - N - N -

87| N 1 | glucose C6H1206 180.06339 | Glycolysis; Galactose Metabolism 15.48 | 8.72E+06| 15.22| 1.48E+06| -

88 p 1 glucose C6H1206 180.06339 Glycolysis; Galactose Metabolism B N i} N B N

89| N 1 | Ldisoleucine 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 arldoleucine Degradation 14.65 | 3.42E+07) 11.9| 1.40E+07| 7.51| 6.69E+07
91 N 1 glucose 1 phosphate C6H1309P 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 C6H1309P 260.029722 | Starch anducrose Metabolism:Glycolysis 16.74 | 1.75E+05| 16.77 | 3.78E+04| 538 | 5.28E+04
93| N 1 | D-Sorbitol C6H1406 182.07904 Ue”fiﬁﬁﬁs?n"d Vannose Deqradation; GARCH 14,73 | 156E+07) 1438 | 446E+06| 553 | 3.65E+05
94 1 | D-Sombitol C6H1406 182.07904 fnffefﬁiﬁi”md Mannose Degradation; GRC10 1472 | 5.28E+05 1434 | 1L44E+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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9% | 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 C6H806 176.03209 | Catecholamine Biosynthesis 11.34| 2.76E+05| 11.12| 6.73E+04| 15.46| 3.33E+05

98 P 1 Ascorbate C6HB806 176.03209 Catecholamine Biosynthesis - N B N - N

99| N 1 | Isocitrate C6H807 192.027005 | Citric Acid Cycle 11.96 | 7.88E+06| 19.56| 1.59E+07| 6.53 | 1.07E+07
100 P 1 | Isocitrate C6H807 192.027005 | Citric Acid Cycle - N - N -
101| N 1 | Theophyline C7H8N402 180.064726 | Caffeine Metabolism - N - N -
102 P 1 Theophyline C7H8N402 180.064726 | Caffeine Metabolism B N i} N B
103| N 1 | N-AcetytD-Glucosamine C8H15N06 221.089939 | Amino Sugar Metabolism 12.8 | 1.45E+06| 12.21| 2.04E+06| 582 | 3.09E+05
104 P 1 N-AcetytD-Glucosamine C8H15N0O6 221.089939 | Amino Sugar Metabolism 12.81 | 6.60E+06| 12.27| 5.21E+06| 583 | 4.32E+06
105| N 1 | 2-Phenylglycine C8HINO2 151.063329 | no 14.62| 4.97E+05| 11.87| 3.01E+06| 7.48| 1.03E+06
06| P 1 | 2-Phenylglycine C8HINO2 151.063329 | no 14.65| 1.71E+07| 11.92| 7.01E+06| 7.49| 2.20E+07
107 N 1 Sepiapterin C9H11N503 237.08619 Pterine Biosynthesis B N i} N B
08| P 1 | Sepiapterin C9H11N503 237.08619 | Pterine Biosynthesis - N - N -
109| N 1 | Pantothenate C9H17NO5 219.110674 Er?ctjaglc?: 'Eﬁjsh,ﬂyiﬁté?ifm aranothenate 814 2.44E+07) 944 | 3.26E+07) 11.59| 3.12E+07
110| P 1 | Pantothenate COH17NO5 219.110674 Sr?éag?: 'Qﬁaiﬂyﬁiﬂfm andPanoiiena® | g1g| 1808407 04 | 2586407 1L7L| 125E+07
111 N 1 N6-TrimethyiL-lysine C9H20N202 188.152478 | Carnitine Synthesis B N 22.55| 1.31E+04| - N
12| P 1 | N&TrimethyiL-lysine C9H20N202 188.152478 | Carnitine Synthesis 29.86 | 1.45E+07| 22.49| 4.21E+07|  5.27| 2.49E+07
113| N 1 | 2-phenyl limidazole C9H8N2 144.068748 13.82| 5.90E+04)  6.26 | 2.55E+06] 12.59| 4.72E+05
14| P 1 | 2-phenyl limidazole COH8N2 144.068748 13.79| 7.81E+07| 583 | 543E+07| 1265| 9.25E+07
15| N 1 | 4-Coumarate C9H803 164.047345 | no 6.29 | 9.83E+06| 8.92| 1.64E+07) 18.72| 4.02E+07
16| P 1 | acoumarate COHBO3 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 C9HINO3 179.058244 | no 6.53 | 3.51E+07]  7.74| 1.30E+08| 16.55| 8.71E+07
18| P 1 | Hippuric acid C9HINO3 179.058244 | no 6.54 | 3.96E+06|  7.77| 4.45E+05 16.54| 6.89E+06
119 N 2 Sucrose C12H22011 342.116215 | Starch and sucrose/Galactose Metabolism 16.09 | 3.37E+06 15.6 | 1.66E+06| -
120 P 2 Sucrose C12H22011 342.116215 | Starch anducrose/Galactose Metabolism B N 15.61| 7.67E+03| -
Propanoate Metabolism; Aspartate ) N
121 N 2 B-Alanine C3H7NO2 89.047679 Metabolism - N 15.86 | 6.98E+05
Propanoate Metabolism; Aspartate
122 P 2 | BaAlanine C3H7NO2 80.047679 | Metabolism 206 256E+07) 158 | 1.88E+07) 543 | 3.01E+07
Fructose and Mannose Degradation; Glycerg 544 2 74E+06
123 N 2 Dihydroxyacetone phosphate C3H706P 169.998027 | Phosphate Shuttle 15.66 | 1.15E+07| 16.21 | 6.41E+06 ) )
Fructose andlannose Degradation; Glycerol
124 p 2 Dihydroxyacetone phosphate C3H706P 169.998027 | Phosphate Shuttle 15.58 | 143E+05| 16.17| 3.59E+03 5.57 3.94E+04
Glycine and Serine/Glycerolipid Metabolism 56 4.06E406
125 N 2 3-Phosphoglycerate C3H707P 185.992942 | and Glycolysis Gluconeogenesis 27.1 | 4.25E+05| 17.82| 5.16E+06 ) )
Glycine and Serine/Glycerolipid Metabolism |
126 2 3-Phosphoglycerate C3H707P 185.992942 | and Glycolysis Gluconeogenesis N 1781 | 1.72E+04 5.68 4.60E+04
127 2 | Maleic acid C4H404 116.01096 6.37 | 2.53E+07| 122 | 4.79E+07| 845| 7.79E+06
128 2 | Maleic acid C4H404 116.01096 - N - N 5.55 | 1.49E+04
Methionine Metabolism; Glycine and Serine 914 3.34E407
129 N 2 Ketobutyric acid C4H603 102.031695 | Metabolism 6.62 | 3.96E+07 7.8 | 1.88E+08 ) )
Methionine Metabolism; Glycirend Serine ) N ) N . N
130 2 Ketobutyric acid C4H603 102.031695 | Metabolism
131 N 2 | Succinate C4H604 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 C4H604 118.02661 | Citric Acid Cycle; Glutamate Metabolism - N - N - N
Transcription/Translation; Glycine and Serine 544 2 6AE+06
133 N 2 L-Threonine C4HINO3 119.058244 | Metabolism 18.79 | 1.13E+07| 15.03 | 4.75E+06 ) )
Transcription/Translation; Glycine and Sering
134 P 2 | LThreonine C4HONO3 110.058244 | Metabolism 188 1.97E+07) 1506 | 1O01E+07] 548 | 7.95E+06
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135 N 2 | ribose C5H1005 150.052825 | Pentose Phosphate Pathway 12.18 | 2.68E+06| 12.09| 7.71E+05| 9:28| 3.78E+05
136 2 | ribose C5H1005 150.052825 | Pentose Phosphate Pathway - N - N - N

Valine, Leucine and Isoleucine Degradation; ) N
137 N 2 L-Valine C5H11NO2 117.078979 | Propanoate Metabolism 15.75 | 4.81E+04| 13.03 | 5.50E+06

Valine Leucine and Isoleucine Degradation;
138 P 2 L-Valine C5H11NO2 117.078979 | Propanoate Metabolism 15.79 | 4.60E+07] 1299 | 3.47E+07 6.31 3.48E+07
139 N 2 | DRibulose hosphate C5H1108P 230.019157 | Pentose Phosphate Pathway 15.96 | 2.88E+06| 16.39 | 2.52E+06| °-47 | 1.08E+06
140 P 2 D-Ribulose Jhosphate C5H1108P 230.019157 | Pentose Phosphate Pathway 16.62 | 9.64E+04| 16.37 | 1.20E+04 - N
41| N 2 | Oxypurinol C5H4N402 152.033426 | no 9.42 | 1.94E+07| 11.02 | 1.48E+07| 948 | 1.11E+07
142| P 2 | Oxypurinol C5H4N402 152.033426 | no 9.39 | 2.40E+04) - N - N
143| N 2 | Mesaconate C5H604 130.02661 | no 6.53 | 6.65E+06] 16.41| 8.43E+06| 12.1| 3.94E+07
144| P 2 | Mesaconate C5H604 130.02661 | no 6.49 | 7.01E+04) - N 12.58 | 1.34E+06
145| N 2 | D-2-Hydroxyglutaric acid C5H805 148.037175 | no 8.74 | 3.38E+07| 16.11| 5.58E+07| /64| 2.45E+07
146 P 2 D-2-Hydroxyglutaric acid C5H805 148.037175 | no 3 N 3 N 3
147 N 2 5-Aminolevulinate C5HI9NO3 131.058244 | Glycine and Serine/Porphyrin Metabolism 20.37 | 2.46E+06| 14.46 | 1.67E+07| ~
148 P 2 5-Aminolevulinate C5HINO3 131.058244 | Glycine and Serine/Porphyfifetabolism 19.88 | 3.24E+07| 14.42| 6.17E+07| 5.75| 5.97E+07
149 | N 2 | OAcetyt-serine C5HINO4 147.053159 | no 15.41 | 1.40E+06| 11.48| 1.47E+07| 6-39| 1.77E+06
50| P 2 | OAcetyilL-serine C5HINO4 147.053159 | no 1542 6.34E+06| 11.58 | 1.87E+06| 5.81 | 3.12E+06

Inositol Metabolism; Starch and Sucrose 551 3.21E405
151 N 2 D-Glucuronate C6H1007 194.042655 | Metabolism 16.34 | 2.90E+05| 16.79 | 3.58E+05 ) )

Inositol Metabolism; Starch and Sucrose ) N ) N ) N
152 2 D-Glucuronate C6H1007 194.042655 | Metabolism
153 N 2 fucose C6H1205 164.068475 | Fructose and Mannose Degradation 11.86 | 3.71E+05| 12.59 | 1.92E+05| -
154 P 2 fucose C6H1205 164.068475 | Fructose and Mannose Degradation - N B N -

Page | 240




ZIGHILIC ZIGpHILIC C18
Polarit | Std.

No |y mix Compound Name Formula MwW Pathwaymap RT peak RT peak RT peak

Galacto§e Metabolism; Nucleotide Sugars 6.07 7 49E+05
155 N 2 galactose C6H1206 180.06339 Metabolism 15.89 | 6.05E+06| 10.31| 3.12E+06

Galacto_se Metabolism; Nucleotide Sugars | N ) N ) N
156 P 2 galactose C6H1206 180.06339 Metabolism
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 fhosphate C6H1309P 260.029722 | Gluconeogenesis; Pentose Phosphate Pathv{ 18.38 | 8.20E+06| 17.68 | 3.25E+06| 21| 3.91E+06
160 P 2 glucose 6 phosphate C6H1309P 260.029722 | Gluconeogenesis; Pentose Phosphate Pathy] 18.41| 3.25E+05| 17.67 | 5.15E+04 52| 3.96E+04
61| N 2 | Mannitol C6H1406 182.07904 | no 14.94 | 2.50E+06| 14.46 | 1.03E+07| 53| 3.62E+05
162| P 2 | Mannitol C6H1406 182.07904 | no 14.74 | 8.90E+05| - N 5.55 | 4.53E+05
63| N 2 | Nicotinate C6H5NO2 123.032029 | Nicotinate and Nicotinamide Metabolism 8.92 | 2.93E+06| 8.37 | 1.13E+07| ©683| 2.76E+06
64| P 2 | Nicotinate C6H5NO2 123.032029 | Nicotinate and Nicotinamide Metabolism 8.91| 2.01E+07) 841 1.01E+07] 7.16| 4.52E+06
65| N 2 | Dlsoascorbic acid C6H806 176.03209 10.39 | 9.67E+06| 10.68 | 2.37E+06| 12.1| 6.73E+06
166 N 2 | Citrate C6H807 192.027005 | Citric Acid Cycle 20.71| 2.87E+06| 19.04 | 1.02E+07| 7-71| 7.30E+06
167 P 2 | Citrate C6H807 192.027005 | Citric Acid Cycle - N - N - N
168 N 2 Theobromine C7H8N402 180.064726 | Caffeine Metabolism - N 7.78 | 1.42E+05| -
69| P 2 | Theobromine C7H8N402 180.064726 | Caffeine Metabolism 8.16 | 1.40E+06| - N 1258 | 5.12E+06
170| N 2 | N-AcetytD-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-AcetytD-mannosamine C8H15N06 221.089939 | Amino SugaMetabolism 12.99 | 3.38E+06| 12.74| 1.44E+06| 5.84 | 1.89E+06
172 N 2 | 4-Hydroxyphenylacetaldoxime C8HINO2 151.063329 - N 7.78 | 2.92E+07| 12.88| 1.45E+06
173 P 2 4-Hydroxyphenylacetaldoxime C8HINO2 151.063329 8.11 | 5.53E+06| - N 12.87| 7.06E+06
174| N 2 | Biopterin C9H1IN503 237.08619 | no 13.28 | 8.71E+06| 12.09| 8.71E+06| 77> | 4.22E+06
175| P 2 | Biopterin COH1IN503 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 C10H12N20 176.094963 | Tryptophan Metabolism - N - N - N
177 P 2 | serotonin C10H12N20 176.094963 | Tryptophan Metabolism 17.58 | 7.08E+06|  36.4 | 5.58E+05| 11.82| 1.41E+07
178| N 2 | ADP C10H15N5010P] 427.029419 28.93 | 2.18E+05| 15.98| 2.74E+06| 6.14 | 1.44E+06
179| P 2 | ADP C10H15N5010P] 427.029419 - N 15.96 | 2.36E+05| - N
180| N 2 | Biotin C10H16N203S | 244.088164 | Biotin Metabolism 8.24 | 2.49E+05| 9.51 | 8.26E+05| 16.08| 5.51E+06
181| P 2 Biotin C10H16N203S | 244.088164 | Biotin Metabolism 8.25| 5.06E+05|  9.54 | 1.07E+06| 16.09| 2.06E+06
Glutamate Metabolism; Glutathione 768 2 04E+06
182 N 2 Glutathione C10H17N306S | 307.083808 | Metabolism 17.22 | 7.33E+06| 15.08 | 2.04E+06 ) )
Glutamate Metabolism; Glutathione
183 2 | Glutathione C10H17N306S | 307.083808 | Metabolism 17.21| 261E+06| 1509 5.638+05 646 | 7.17E+05
184| N 2 | Lactoylglutathione C13H21N308S | 379.104938 | Pyruvate Metabolism 16,5 | 1.34E+07| 14.11| 1.01E+07| 10.13| 9.18E+06
185 2 | Lactoylglutathione C13H21IN308S | 379.104938 | Pyruvate Metabolism 16.51 | 5.94E+06| 14.12| 2.78E+06| 10.12| 3.06E+06
SAdenosyl-methionine(easy 18.81| N
186 N 2 degradation) C15H22N605S | 398.13724 Betaine Metabolism; Methionine Metabolism| - N 17.09 | 1.83E+04 '
SAdenosyl-methionine(easy
187 2 | degradation) C15H22N605S | 398.13724 | BetaineMetabolism; Methionine Metabolism | o027 | 303E+05|  17.08| 8.458+05/ 539 |  5.71E+05
188 2 | Folate C19HI9N706 | 441.139683 | Pterine Biosynthesis; Folate Metabolism 11.49 | 1.28E+07| 17.49 | 3.23E+06| 13.69| 3.68E+07
189 2 | Folate C19H19N706 | 441.139683 | PterineBiosynthesis; Folate Metabolism 11.53 | 2.47E+06| 17.51| 4.52E+05| 13.7| 3.28E+06
GlucoseAlanine Cycle; Nicotinate and ) N
190 N 2 NADP(+) C21H29N7017P] 744.083284 | Nicotinamide Metabolism - -
GlucoseAlanine CycleNicotinate and ) ) . N
91| P 2 | NADP(+) C21H29N7017P] 744.083284 | Nicotinamide Metabolism
192| N 2 | oxalate C2H204 89.99531 no 43.7 | 1.26E+05| 18.61| 5.15E+06| 499 | 3.79E+05
193| P 2 | Oxalate C2H204 89.99531 no - N - N -
194 N 2 Bilirubin C33H36N406 584.263486 | Porphyrin Metabolism - N 4.03 | 1.98E+04| -
195| P 2 | Bilirubin C33H36N406 | 584.263486 | Porphyrin Metabolism - N 3.99 | 1.82E+04| - N
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196 N 2 | Phosphoenolpyruvate C3H506P 167.982377 | Glycolysis; Gluconeogenesis 14.8 | 1.32E+07| 18.43| 9.65E+06| ©6-14 | 3.05E+06
14.81 | 1.86E+05| 18.42 | 6.83E+03| - N
197 P 2 Phosphoenolpyruvate C3H506P 167.982377 | Glycolysis; Gluconeogenesis
Glycerol Phosphate Shuttle/Glycerolipid 5.65 5.36E+05
198 N 2 snGlycerol 3phosphate C3H906P 172.013677 | Metabolism 13.64 | 7.03E+04| - ) )
Glycerol Phosphate Shuttle/Glycerolipid ) N ) ) N
199 P 2 sn-Glycerol gphosphate C3H906P 172.013677 | Metabolism
PyrimidineMetabolism; BetaAlanine 6.83 3.41E+06
200 N 2 Uracil C4HAN202 112.027278 | Metabolism 8.74 | 6.17E+06 8.9 | 1.58E+07 ) )
Pyrimidine Metabolism; Betlanine
01| P 2 | uracil C4HAN202 112.027278 | Metabolism 8.71| 6.80E+05 ~ 8.94 | 3.39E+04 74| 142E+05
202| N 2 | Allantoin C4HBN403 158.043991 | no 13.82 | 1.37E+07| 14.25| 3.19+06| 94| 7.03E+06
203 P 2 Allantoin C4H6N403 158.043991 no 13.81 | 2.94E+06 9.81 | 4.81E+03 5.93 4.15E+05
204| N 2 | Creatinine C4H7N30 113.058912 | no 19.08 | 3.85E+05| 10.08 | 4.46E+06| 6:03| 1.31E+05
205 p 2 Creatinine C4H7N30 113.058912 no 18.95| 3.12E+07| 10.04 | 6.73E+07 5.99 6.33E+07
206| N 2 | D-3-hydroxybutyrate C4H803 104.047345 | Fatty Acid Biosynthesis 7.3 | 1.12E+06| 9.94 | 6.44E+06| 937 | 2.74E+06
207 P 2 D-3-hydroxybutyrate C4H803 104.047345 | Fatty Acid Biosynthesis B N i} N B
208| N 2 | DL-3-aminobutyrate C4HINO?2 103.063329 - N 15.93 | 3.83E+05| -
209| P 2 | DL:3-aminobutyrate C4HINO2 103.063329 19.25| 1.85E+07| 15.96 | 5.02E+07| 5.61| 2.57E+07
210 N 2 | Deoxyribose C5H1004 134.05791 | no 7.9 | 1.75E+05| 8.87 | 1.99E+05 13.76| 9.02E+05
211| P 2 | Deoxyribose C5H1004 134.05791 | no - N - N - N
212 N 2 L-Ornithine C5H12N202 132.089878 | Arginine and Proline Metabolism; Urea Cycldg 29.11 | 1.57E+05| 23.65| 8.89E+05 5.03 1.02E+05
213| P 2 | L-Ornithine C5H12N202 132.089878 | Arginine and Proline Metabolism; Ui@gcle 29.14| 7.78E+06| 23.63| 2.65E+06| 5.02| 6.80E+06
214| N 2 | Hypoxanthine C5H4N40 136.038511 | Purine Metabolism 10.71 | 1.76E+07| 10.57 | 7.23E+06| 762 | ©5.48E+06
215| P 2 | Hypoxanthine C5H4N40 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| 623 | 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 | Imidazoled-acetate C5HB6N202 126.042928 | Histidine Metabolism 17.79 | 1.25E+07| 12.36 | 8.99E+06| 89| 1.16E+07
219 P 2 | Imidazoled-acetate C5HBN202 126.042928 | Histidine Metabolism 17.76 | 2.59E+07] 12.37| 8.91E+07) 59| S5.55E+07
220 N 2 | N-FormyiL-methionine C6H11NO3S 177.045965 | no 6.62 | 2.05E+07| 7.85| 1.11E+08| 14.52| 8.54E+07
221| P 2 | N-FormytL-methionine C6H1INO3S | 177.045965 | no 6.63 | 1.13E+06| 542 4.34E+04) 1451 | 4.17E+06

N BetaAI_anine Me_tabolism; Pantothenate and ) N
222 N 2 O-Acetylcarnitine(+) C9H18NO4 204.123584 | CoA Biosynthesis 15.19 | 2.99E+07| - N
23| P 2 | OAcetylcarnitine(+) C9H18NO4 204.123584 git:gliigyrir?g;tgbo“sm' penionensie N | 16,17 | 2.00E+07 11.51| 1768408 6.71| LS7E+07
224| N 2 | 2-Indolecarboxylicacid COH7NO2 161.047679 | no 6.14 | 2.04E+07 7.8 | 8.99E+07| 23.46| 9.37E+07
225| P 2 | 2-Indolecarboxylicacid COH7NO2 161.047679 | no - N - N - N
226| N 2 | transcinnamic acid C9H802 148.05243 | no 6.12 | 3.66E+04| 7.78 | 4.32E+07| 24.02| 2.42E+05
227 P 2 | transcinnamic acid C9H802 148.05243 | no 6.08 | 4.71E+04|  4.28 | 8.43E+03] 24.01| 9.33E+04
228| N 2 | Caffeate C9H804 180.04226 | no 7.78 | 2.96E+07| 12.2| 4.27E+07| 16.6| 1.38E+08
229 | p o | caffeate COH8O4 18004226 | 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| 547 | 1.97E+07
232| N 3 | 2-phosphoglycerate C3H707P 185.992942 Sr%cgli/fg:ss?segl]ueggrl]foeg;ggggsMetabOIIsm 16.09 | 8.10E+06| 17.64| 6.97E+06] 571 | 5.48E+06
233 3 | 2-phosphoglycerate C3H707P 185.992942 fr:ﬁcgﬁfélss%ﬁﬂﬂilniz;iLcé"sﬁ"sd Metabolsm | 16.07 | 1.86E+05| - N 572 872E+04
234 | N 3 | xylose C5H1005 150.052825 | no 13.77 | 2.03E+06| 13.78| 2.18E+05| 5.71| 4.70E+05
235| P 3 | xylose C5H1005 150.052825 | no - N - N - N
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236 N 3 | DXylulose Shosphate C5H1108P 230.019157 | Pentose Phosphate Pathway 15.74 | 9.97E+04| - N 5.48 | 1.18E+06
237 P 3 D-Xylulose hosphate C5H1108P 230.019157 | Pentose Phosphate Pathway B N j N B N
238 | N 3 | Itaconate C5H604 130.02661 | no 7.5 | 2.02E+07| 15.99 | 4.49E+07| 12.63| 5.15E+07
239| P 3 | Iltaconate C5H604 130.02661 | no - N - N - N

Fructose and Mannose Degradation; Galactq 1, 15| ¢ 15e406| 14.38 | 1.78E+06| 559 | 1.95E+06
240 N 3 mannose C6H1206 180.06339 Metabolism

Fructosg and Mannose Degradation; Galactq N ) N ) N
241 p 3 mannose C6H1206 180.06339 Metabolism
242| N 3 | galactose 1 phosphate C6H1309P 260.029722 mif;i?:g?nsugars Metabollsm; Galactose | 168 | 1.14E407) 168 | 243406 523 | 2136406
23| P 3 | galactose 1 phosphate C6H1309P 260.029722 ml;f;icglli?nSugars Metabollsm; Galactose | 16.80 | 2.61£+05 1679 | 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 | DGlucuronolactone C6HB806 176.03209 | no 15.31 | 3.58E+06) 16.21| 5.01E+07]  6.54 | 6.27E+06
247 P 3 | DGlucuronolactone C6H806 176.03209 | no - N - N - N
248| N 3 | Paraxanthine C7H8N402 180.064726 - N 7.67 | 5.82E+06| -
249| P 3 | Paraxanthine C7H8N402 180.064726 7.7 | 3.27E+06|  7.66 | 3.33E+05| 13.65| 8.69E+06
250| N 3 L-Kynurenine C10H12N203 | 208.084793 | Tryptophan Metabolism 14.27] 1.24E+06| 11.37| 1.93E+06| 12.86| 9.91E+05
251| P 3 | LKynurenine C10H12N203 | 208.084793 | Tryptophan Metabolism 14.25| 8.99E+06| 11.31)| 7.08E+06 12.89| 8.77E+06
252| N 3 | Guanosine C10H13N505 | 283.09167 | Purine Metabolism 13.49| 8.20E+06| 13.05| 3.87E+06] 10.1 | 2.92E+06
253| P 3 | Guanosine C10H13N505 | 283.09167 | Purine Metabolism 13.46 | 8.86E+06) 13.07| 1.88E+06) 7.47| 6.82E+06
254| N 3| Thymidine C10H14N205 | 242.090273 | Pyrimidine Metabolism 8.19 | 2.22E+06| 7.71| 1.40E+07| 11.38| 2.63E+06
255| P 3 | Thymidine C10H14N205 | 242.090273 | Pyrimidine Metabolism 8.21 | 2.43E+06| 7.75| 1.71E+05] 1141 8.83E+05
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256| N 3 | dAMP C10H14N506P | 331.068172 | Purine Metabolism 17.85| 1.35E+07| 136 | 7.11E+06| 6.36| 2.45E+07
257| P 3 | dAMP C10H14N506P | 331.068172 | Purine Metabolism 17.82 | 2.55E+06| 13.59| 4.46E+06) 6.35| 4.61E+06
258| N 3 | AMP C10H14N507P | 347.063087 | Purine Metabolism 18.08 | 8.92E+06| 14.52| 5.14E+06| 6.18 | 1.94E+07
259| P 3 | AMP C10H14N507P | 347.063087 | Purine Metabolism 18.11| 1.53E+06| 14.56| 1.22E+06| 6.17| 3.66E+06
260 N 3 L-Metanephrine C10H15N0O3 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| 1858 | 3.12E+07| 747 | 3.34E+07
262 N 3 Spermine C10H26N4 202.215746 | Spermidine and Spermine Biosynthesis N i} N B 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 C10HO9NO3 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 C11H20N206 | 276.132138 | Lysine Degradation 22.87| 2.71E+06| 16.41| 4.99E+06| 541 | 8.58E+06
269 P 3 L-Saccharopine C11H20N206 | 276.132138 | Lysine Degradation 22.95| 1.18E+06| 16.42| 2.19E+06| 543 | 2.42E+06
270 | N 3 | NADPH C21H30N7017P] 745.091109 | Histidine Metabolism; Glycerolipid Metabolis N 18.03 | 4.47E+04) -
271| P 3 | NADPH C21H30N7017P] 745.091109 | Histidine Metabolism; Glycerolipid Metabolis N 16.86 | 1.68E+03| -
272 N 3 Glycocholic acid C26H43N0O6 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 ABibsynthesis N i} N B N
275| P 3 | Glycine C2H5NO2 75.032029 | Ammonia Recycling; Bile Acid Biosynthesis | 1968 | 5.82E+06| 16.22 | 4.64E+05 5.4 | 2.14E+06
276 N 3 Pyruvate C3H403 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 C3H403 88.016045 Urea Cycle; Pyruvate Metabolism - N B N - N
278| N 3 | 5-Oxoproline C5H7NO3 129.042594 | GlutathioneMetabolism 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 C5HIN3 111.079647 | Histidine Metabolism - N 25.86 | 2.04E+04) - N
281| P 3 | Histamine C5HIN3 111.079647 | Histidine Metabolism 35.33 | 9.26E+06| 2588 | 6.97E+06| 4.84 | 1.10E+07
282| N 3 | Acetylcysteine C5HINO3S 163.030315 | no 8.15| 3.42E+05 856 | 1.51E+07) 195| 6.98E+05
283| P 3 | Acetylcysteine C5HINO3S 163.030315 | no - N 8.57 | 1.03E+05| - N
284| N 3 | Galactarate C6H1008 210.03757 | no 19.21 | 3.55E+06) 18.1 | 1.14E+07) 557 | 1.47E+07
285| P 3 | Galactarate C6H1008 210.03757 | no - 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| 536 | 1.74E+06
288 N 3 6-PhospheD-gluconate C6H13010P 276.024637 | Pentose Phosphate Pathway 20.16 | 5.57E+04) 18.66 | 1.91E+05  5.68 | 3.04E+05
289 | P 3 | 6-PhospheD-gluconate C6H13010P 276.024637 | Pentose Phosphate Pathway - N - N - N
290 N 3 L-Arginine C6H14N402 174.111676 | Urea Cycle; Arginine and Proline Metabolisn] 28.93 | 5.10E+06| 26.45| 1.41E+06| 5.35| 9.26E+05
201 P 3 | L-Arginine C6H14N402 174.111676 | Urea Cycle; Arginine and ProlMetabolism 28.97 | 6.20E+06| 26.47| 3.18E+06| 536 | 2.76E+06
202| N 3 | DGlucosamine ®hosphate C6H14NOBP | 250.045706 Qgtlggoi:r%ar Metabolism: Glutamate 75| 186E+05 13.25| 3.83E+04) 12.61| 2.52E+05

_ Amino S_ugar Metabolism; Glutamate ) N ) N ) N
293 P 3 D-Glucosamine #hosphate C6H14NO8P 259.045706 | Metabolism
294 N 3 L-Histidine C6HIN302 155.069477 | Histidine Metabolism; Ammonia Recycling 27.49 | 1.39E+07| 15.25| 427E+06| 507 | 1.59E+06
295 P 3 L-Histidine C6HIN302 155.069477 | Histidine Metabolism; AmmonRecycling 27.48 | 9.95E+06| 15.24| 1.00E+07| ~ 5.08 | 1.87E+06
206 N 3 | N-Acetyil-aspartate CB6HINO5 175.048074 | Aspartate Metabolism 8.49 | 3.80E+07| 15.56 | 2.74E+07| 7.41| 1.81E+07
297 P 3 N-Acetyt.-aspartate C6HINO5 175.048074 | Aspartate Metabolism 8.48 | 3.42E+06| 15.52| 1.29E+05 7.4 | 1.09E+06
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208 N 3 | N(piyMethytL-histidine C7H11N302 169.085127 | no 27.96 | 1.09e+07|  13.6 | 2.61E+06| 535 | 1.24E+06
209| P 3 | N(piyMethytL-histidine C7H11N302 169.085127 | no 27.91| 1.10E+07| 13.61| 2.28E+07| 531 | 3.96E+06
300/ N 3 | N-AcetytL-glutamate C7H11NO5 189.063724 | no 8.24 | 3.50E+07| 15.08 | 3.09E+07| 7.45| 2.52E+07
31| P 3 | N-Acetyil-glutamate C7H11NO5 189.063724 | no 8.23 | 6.15E+06| 1507 5.52E+06) 7.44 | 3.09E+06
_ Tyrosine M_etabolism; Catecholamine ) N ) N ) N

302 N 3 Dopamine C8H11NO2 153.078979 | Biosynthesis
303| P 3 | Dopamine C8H11NO2 153.078979 gﬁgjmﬁel\giitab()“sm' catecholamine - N 29.48 | 3.27E+04) - N
304 N 3 ?agi)édt;cr)émopamlne(OXIdopammE) C8H11NO3 169.073894 | no ) N 828 | 3.77E+04) - N
305 3 ?agi)(lidkr)?ggviopamlne(OXIdopamme) C8H11NO3 169.073894 | no 18.02| 7.98E+04)  8.29 | 5.88E+05/ - N
306 N 3 | Pyridoxamine C8H12N202 168.089878 | Vitamin B&Vietabolism 31.15| 7.57E+04| 12.02| 1.05E+05| 539 | 1.16E+05
307 3 | Pyridoxamine C8H12N202 168.089878 | Vitamin B6 Metabolism 31.16 | 6.66E+06| 11.91| 8.12E+06| 5.38| 1.77E+07
308| N 3 | Lipoate C8H140252 206.043522 Q'ZQSQEEQCW"”Q’ Glyeine and Serine 6| 2.61E+05/ 499 2.83E+07| 26.58| 2.51E+06

. Ammoni‘a Recycling; Glycine and Serine ) N ) N . N
309 p 3 Lipoate C8H1402S2 206.043522 | Metabolism
310 N 3 | N6Acetyt-Lysine C8H16N203 188.116093 | no 19.69| 1.93E+07| 15.53| 1.02E+07| 5.89| 1.75E+07
311 P 3 | N&AcetylL-Lysine C8H16N203 188.116093 | no 19.68 | 2.26E+07) 15.52| 563E+07| 59| 3.94E+07
312| N 3 | Phthalate C8H604 166.02661 | no - N - N - N
313| P 3 | Phthalate C8H604 166.02661 | no 6.48 | 7.01E+05| 14.75| 1.68E+05| 16.49| 1.95E+06
314| N 3 | Pyridoxal C8HINO3 167.058244 | Vitamin B6 Metabolism 17.47| 3.40E+05|  4.91| 5.08E+05| 11.22| 1.46E+05
35| P 3 | Pyridoxal C8HINO3 167.058244 | Vitamin B6 Metabolism 17.5] 413E+05 575 4.37E+05 7.42| 2.73E+05
316| N 3 | Uridine C9H12N206 244.069538 | Pyrimidine Metabolism 10.18 | 9.75E+06| 10.18 | 6.60E+06| 7.43 | 3.88E+06
317 P 3 | Uridine C9H12N206 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 COH13N 135.104799 | no 13.96 | 6.84E+07| 18.16 | 8.60E+07| 14.34| 1.15E+08
320 N 3 | uMP CO9H13N209P | 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 COH13N209P | 324.03587 | Pyrimidine Metabolism;Lactose Synthesis 14.75| 7.57E+05| 1593 | 9.18E+04| 5.97| 3.36E+05
322| N 3 | cytidine C9H13N305 243.085522 | Pyrimidine Metabolism 20.64 | 8.18E+06| 12.29 | 2.93E+06 6.2 | 2.99E+06
323 P 3 | cytidine C9H13N305 243.085522 | Pyrimidine Metabolism 206 | 1.19E+07] 1232 | 1.06E+07) 6.19| 1.43E+07
324| N 3 | cbp C9H15N3011P2| 403.018186 | Pyrimidine Metabolism 30.2 | 2.14E+05|  17.9 | 1.56E+06|  5.64 | 1.47E+06
325| P 3 | cop C9H15N3011P2| 403.018186 | Pyrimidine Metabolism - N 17.93 | 1.64E+05| 5.63 | 8.41E+04
26| N 3 |crp COH16N3014P3| 482.984518 EA)értlg)lg:inS?nMetabollsm, Amino Suger - N 19.38 | 1.16E+05) - N
327 3 CTP C9H16N3014P3| 482.984518 r/lyertgg:ir;?nMetabo“SM Amino Suger ) N 19491 4.07E+03) - N
328| N 3 O-Acetylcarnitine C9H17NO4 203.115759 | Beta Oxidation of Very Long Chain Fatty Aciq 16-27 | 5.46E+04| 11.46 | 1.87E+05) - N
329 3 | O-Acetylcarnitine CO9H17NO4 203.115759 | Beta Oxidation of Very Long Chain Fatty Aciq 163 | 2.18E+07| 11.52 | 1.80E+08| 7.44 | 2.87E+07
330| N 4 | fructose C6H1206 180.06339 ff:fﬁgoﬁsucmse etabollsmi GAIBCtose | 13,7 | 4.07€+05| 13.84 | 1.04E+06 - N

Starch a_nd Sucrose Metabolism; Galactose | N ) N ) N
331 P 4 fructose C6H1206 180.06339 Metabolism
332 N 4 fructose 6 phosphate C6H1309P 260.029722 | GlycolysisiGluconeogenesis 16.56 | 1.06E+07| 16.81| 2.46E+06 5.41 1.03E+07
333 P 4 fructose 6 phosphate C6H1309P 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
33B| P 4 | Octopamine C8H11NO2 153.078979 | no 18.57| 1.16E+07) 2051 1.01E+07] 6.34| 1.21E+07
33| N 4 | Tryptophanol C10H11INO 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 | cmP C10H14N508P | 363.058002 | Purine/Glutamate Metabolism 17.77| 5.70E+06| 17.52| 2.99E+06| 6.22 | 1.32E+07

339| P 4 | GMP C10H14N508P | 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 C10H15N305 | 257.101172 | Cancer 20.41 | 3.81E+06| 11.05| 4.29E+06 6.4 | 3.49E+06

341| P 4 | 5-methylcytidine C10H15N305 | 257.101172 | Cancer 20.4 | 8.44E+06| 11.04| 1.73E+07| 6.41| 6.73E+06

342| N 4 | GDP C10H15N5011P] 443.024334 - N 18.81 | 4.44E+05| - N

343| P 4 | GDP C10H15N5011P] 443.024334 - N 18.8 | 5.29E+04/ - N

344| N 4 | ATP C10H16N5013P] 506.995751 | Citric Acid Cycle; Gluconeogenesis - N 17.53 | 1.25E+05| - N

45| P 4 | ATP C10H16N5013P] 506.995751 | Citric Acid Cycle; Gluconeogenesis - N 17.63 | 4.13E+03| - N
Glutamate Metabolism; Glutathione

46| N 4 | L-Glutathione oxidized C20H32N6012S] 612.151966 | Metabolism 22.6| 3.77E+06) 18.28 | 1.70E+06|  6.49| 4.89E+06
Glutamate Metabolism; Glutathione

47| P 4 | LGlutathione oxidized C20H32N6012S] 612.151966 | Metabolism 22.58 | 3.80E+05 1826 2.74E+05  6.52] 343E+05
Tryptophan Metabolism;

348 N 4 L-Tryptophan C11H12N202 204.089878 | Transcription/Translation 14.15| 1.44E+05) 12,15 6.69E+06)  14.26 LO1E+07
Tryptophan Metabolism;

349| P 4 | L-Tryptophan C11H12N202 | 204.089878 | Transcription/Translation 14211 LI7E+07) 12.18 | 1.49B+07 14.24| 3.79E+07
Methionine Metabolism; Spermidirend

350 N 4 5'-Methylthioadenosine C11H15N503S | 297.089561 | Spermine Biosynthesis 12.15 4.51E+05 7711 4.62E+06|  13.25 L.17E+06
Methionine Metabolism; Spermidine and

31| P 4 | 5-Methylthioadenosine C11H15N503S | 297.089561 | Spermine Biosynthesis 12.18 | 1458+07|  7.72| 1.058+07) 13.28 | 2.38E+07

352 P 4 | 7-Methylguanosine(+) C11H16N505 | 298.115145 19.95| 4.89E+06| 13.83| 2.81E+07|  7.5| 1.40E+07

353| N 4 | Thiamine (+) C12H17N40S | 265.112307 | Thiamine Metabolism - N - N - N

34| P 4 | Thiamine (+) C12H17N4OS | 265.112307 | Thiamine Metabolism 33.61 | 9.36E+06 21| L16E+07| 531 | 241E+07

355 N 4 | Melatonin C13H16N202 | 232.121178 | Tryptophan Metabolism 6.34 | 1.97E+04|  4.94 | 4.81E+06| 20.47| 1.05E+06

36| P 4 | Melatonin C13H16N202 | 232.121178 | Tryptophan Metabolism 6.28 | 1.53E+07|  4.91 | 4.30E+07| 20.48| 3.44E+07

357 N 4 SAdenosyl -homocysteine C14H20N60O5S | 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 SAdenosyl-homocysteine C14H20N605S | 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+ C21H27N7014P] 663.109127 | Ammonia Recycling; Glycolysis 21.43| 4.74E+05| 14.86| 6.07E+05  6.19 | 9.90E+05
360| P 4 | NAD+ C21H27N7014P] 663.109127 | Ammonia Recycling; Glycolysis 21.72| 7.16E+04| 14.93| 2.71E+05| 6.18 | 3.98E+05
361| N 4 | Cholate C24H4005 408.287575 | Bile Acid Biosynthesis 6.27 | 3.07E+06|  5.01 | 2.31E+07| 24.61| 8.84E+06
32| P 4 | Cholate C24H4005 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
35| 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| 533 | 5.12E+06
367 N 4 Phosphocreatine C4H10N305P 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 C4HI10N305P | 211.035809 | Arginine and Proline Metabolism 16.41 | 1.14E+05| 16.01| 2.52E+05| 571 1.17E+05
39| N 4 | (RMalate CAHBO5 134.021525 | no 10.76 | 1.21E+07| 16.97 | 2.75E+07| 6.55| 7.66E+06
370| P 4 | (RyMalate C4H605 134.021525 | no - N - N - N

371 P 4 | L-Homoserine Lactone CAH7NO2 101.047679 20.67 | 1.77E+06 7.7 2.31E+05| 549 | 1.74E+06
372| N 4 | 2-Hydroxybutanoic acid C4H803 104.047345 | no 6.89 | 8.79E+06| 8.71 | 7.45E+06| 10.52| 1.83E+07
373| P 4 | 2-Hydroxybutanoic acid C4H803 104.047345 | no - N - N - N

374| N 4| L-Homocysteine CavoNops | 1350354 | Metbeliom e O SeM| 16.04| 0.63E405| 1366 | 211E405 662 | 354E405
375| P 4 | LHomocysteine CAHINO2S 135.0354 mgzL?;:ZrenMetabollsm, Clieneand Seme | 16,07 | 3.68E+06) 13.62| 497E+05| 659 |  8.83E+05
376| N 4 | Urate C5H4N403 168.028341 | Purine Metabolism 12.51 | 2.13E+06) - N 7.45| 2.77E+05
377| P 4 | Urate C5H4N403 168.028341 | Purine Metabolism 12.52 | 3.18E+04 - N - N

378| N 4 | Guanine C5HEN50 151.04941 | Purine Metabolism 16.2| 2.09e+06| 12.77| 7.00E+05|  6.24 | 7.45E+05
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ZIGHILIC ZIGpHILIC C18

Polarit | Std.
No |y mix CompoundName Formula MwW Pathway map RT peak RT peak RT Peak
379| P 4 | Guanine C5H5N50 151.04941 | Purine Metabolism 16.19 | 2.39E+06| 12.79| 1.49E+06| 6.23 | 3.07E+06
380| N 4 | D-Galactonel 4lactone C6H1006 178.04774 | no 10.76 | 2.62E+07| 10.77| 3.77E+06| 6.17| 1.30E+07
381| P 4 | D-Galactonel, 4lactone C6H1006 178.04774 | no 10.82 | 1.62E+04| - N 6.16 | 2.60E+05
38| N 4 | DGluconic acid C6H1207 196.058305 | no 18.54 | 5.32E+06| 14.86 | 8.34E+06| 5.59| 1.32E+07
383| P 4 | DGluconic acid C6H1207 196.058305 | no - N - N 5.62 | 5.75E+04
84| N 4 | LCitrulline C6H13N303 | 175.095692 f/lrgtlzll)rzﬁi:r:d Proine ME@hOISTIASPANEte | 20.14| 1478407 16.44| 6.39E+06| 552 | 6.69E+06
385| P 4 | LCitrulline C6H13N303 | 175.095692 Qrgtlgérgisar?]d Proine MetsbolSmASParta(e | 2013 | 1.65E+07| 16.47 | 144E+07|  553| 7.0E+06
386| N 4 | L-Lysine C6H14N202 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 C6H14N202 146.105528 | Lysine Degradation; Biotin Metabolism 28.97 | 6.34E+06| 25.07| 1.77E+06| 5.02| 1.26E+07
388| N 4 | betaD-Fructosel,6-bisphosphate C6H14012P2 | 339.996054 | no 4297 | 7.80E+04) 19.36 | 7.07E+04| 8.03 | 2.25E+05
389 p 4 betaD-Fructosel,6-bisphosphate C6H14012P2 339.996054 | no B N } N B N
390| N 4 | Triethanolamine C6H15NO3 149.105194 | no - N 9.92 | 9.91E+04 -
391 P 4 | Triethanolamine C6H15NO3 149.105194 | no 20.86 | 3.27E+07|  9.86 | 1.48E+08| 544 | 3.56E+07
392 N 4 Nicotinamide C6H6N20 122.048013 | Nicotinate and Nicotinamide Metabolism - N 7.73 | 3.51E+06| - N
393| P 4 | Nicotinamide C6HBN20 122.048013 | Nicotinate andNicotinamide Metabolism 10.66 | 3.63E+07| 7.76 | 1.17E+07| 7.26 | 6.32E+06
394 N 4 CisAconitate C6HB606 174.01644 | Citric Acid Cycle 8.23 | 4.69E+06| 20.08 | 6.62E+05| 10.43| 6.04E+05
35| P 4 | CisAconitate C6H606 174.01644 | Citric Acid Cycle - N - N - N
396| N 4 | N-Acetylglutamine C7H12N204 188.079708 | no 9.59 | 3.56E+07| 10.79 | 1.55E+07| 6.49 | 1.95E+07
397| P 4 | N-Acetylglutamine C7H12N204 188.079708 | no 9.63 | 1.17E+07| 10.89| 2.36E+07| 6.45| 3.57E+06
398| N 4 | cystathionine C7H14N204S | 222.067429 E/Igggglii;? Serine Membolsm: MEMONE | 53,93 | 1138406  17.74| 4.06E+05| 525 | 117E+06
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ZIGHILIC ZIGpHILIC C18
Polarit | Std.

No |y mix Compound Name Formula MwW Pathway map RT peak RT peak RT peak
Glycine and Serine Metabolism; Methionine

39| P 4 | cystathionine C7H14N204S | 222.067429 | Metabolism 23.92| 3.22E+05 17.76| 156E+05| 526 | 6.02E+05

400| N 4 | AcetylCholine C7H15NO2 145.110279 | Phospholipid Biosynthesis - N - N - N

41| P 4 | AcetylCholine C7H15NO2 145.110279 | Phospholipidiosynthesis 16.19 | 4.50E+06| 15.33| 3.16E+06| 6.32 | 4.94E+06

402 N 4 | methytLlysine C7H16N202 160.121178 | no 28.41 | 3.35E+05| 23.86| 1.85E+06 503 | 1.93E+05

403| P 4 | methytL-lysine C7H16N202 160.121178 | no 28.33| 1.06E+07) 23.87| 1.34E+07|  5.04 | 1.82E+07
Methionine Metabolism; Spermidine and ) N ) N ) N

404 N 4 Spermidine C7H19N3 145.157897 | Spermine Biosynthesis
Methionine Metabolism; Spermidine and

405 P 4 Spermidine C7H19N3 145.157897 | Spermine Biosynthesis ) N 15.65| 8.93E+04 432 L41E+07

406 N 4 Gallate C7H605 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 C8H1002 138.06808 no B N 6.24 | 3.56E+05| -

408 P 4 2-(4-Hydroxyphenyl) ethanol C8H1002 138.06808 no 3 N B N -

409| N 4 | 1-Phenylethylamine C8H11N 121.089149 | no - N - N -

410 P 4 | 1-Phenylethylamine C8H11IN 121.089149 | no 13.89| 3.08E+07| 21.14] 2.31E+07] 13.73| 8.35E+07
Catecholamine Biosynthesis; Tyrosine

411 N 4 | L-Noradrenaline C8H1INO3 169.073894 | Metabolism 22.32| 7.00E+06) 24.96 ) 7.27E+05  6.08| 3.19E+06
Catecholamine Biosynthesis; Tyrosine

412 P 4 | L-Noradrenaline C8H11NO3 169.073894 | Metabolism 2247 211E+06)  24.7] 1.20E+06)  6.05) 151E+07
Glutamate Metabolism; Amino Sugar

413 N 4 N-AcetytD-glucosamine fhosphate | C8H16NO9P 301.056271 | Metabolism 1545 | 6.67E+06| 1597 | 2.65E+06 5.48 4.65E+06
Glutamate Metabolism; Amino Sugar

44| P 4 | N-AcetytD-glucosamine hosphate | C8HI6NO9P | 301.056271 | Metabolism 15.39 | 3.77B+05| 16.01| 1.63B+05 558 | 3.00E+05

415| N 4 | DimethyiL-lysine C8H18N202 174.136828 28.55| 9.01E+04| 21.93| 1.14E+06| - N

416| P 4 | DimethyiL-lysine C8H18N202 174.136828 28.54 | 1.24E+07| 21.92| 2.58E+07| 517 1.84E+07

417| N 4 4-Hydroxyphenylacetate C8H803 152.047345 | Tyrosine Metabolism 6.46 | 2.11E+06|  9.76 | 5.52E+06| 17.3 | 2.70E+07

418| P 4 | 4-Hydroxyphenylacetate C8H803 152.047345 | Tyrosine Metabolism - N - N - N
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Phenylalanine an@lyrosine Metabolism;

419 N 4 | Homogentisate C8H804 168.04226 | Tyrosine Metabolism 8.23| 2.48E+07) 981 | 2.95E+07) 13| 3.00E+07
Phenylalanine and Tyrosine Metabolism; N ) N ) N

420 P 4 Homogentisate C8HB804 168.04226 Tyrosine Metabolism
Transcription/Translation; Phenylalanine and

421 N 4 | L-Phenylalanine COH1INO2 165.078979 | Tyrosine Metabolism 13.74| 400E+04) 10.75| 6.42E+06) 1202] 8.90E+05
Transcription/Translation; Phenylalanine and

422 P 4 L-Phenylalanine C9H11NO2 165.078979 | Tyrosine Metabolism 13.66 | 1.85E+07] 10.74 | 2.70E+07| 11.94 2.95E+07
Tyrosine Metabolism; Phenylalanine and

423| N 4| L-Tyrosine COH11NO3 181.073894 | Tyrosine Metabolism 15.77] 538E+06) 1354 1.29E+07)  7.51| 9.78E+06
Tyrosine Metabolism; Phenylalanine and

a24| P 4 | LTyrosine COH11INO3 181.073894 | Tyrosine Metabolism 158 | 242E+07) 1355 148E+07) 75| 4.55E+07
Pterine Biosynthesis; Catecholamine

425 N 4 Dihydrobiopterin C9H13N503 239.10184 Biosynthesis 14.68 | 8.87E+04) 12.98 | 5.49E+05 6.8 1.56E+05
Pterine Biosynthesis; Catecholamine

426 4 | Dihydrobiopterin C9H13N503 | 239.10184 | Biosynthesis 14.53 | 2.82E+05) 1297 2.82E+06]  7.46 | 1.32E+05

27| 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
TyrosineMetabolism; Catecholamine

429| N 4 | L-Adrenaline C9H13NO3 183.089544 | Biosynthesis 20.39 | 3.09E+06 2551 7.91E+05| 631 | 1.058+07
Tyrosine Metabolism; Catecholamine

430 4 L-Adrenaline C9H13NO3 183.089544 | Biosynthesis 20.36 | 6.49E+06) 2555 9.69E+06 6.3 3.08E+07

431| N 4 | upp C9H14N2012P2| 404.002202 | Pyrimidine Metabolism; Lactose Synthesis | 26-02 | 4.61E+04| 17.38 | 7.13E+05| -

432 4 UDP C9H14N2012P2| 404.002202 | Pyrimidine Metabolism; Lactose Synthesis N 17.23 | 1.07E+04| - N
Pyrimidine Metabolism; Phosphatidylinositol

433| N 4 | cmp C9H14N308P | 323.051854 | Phosphate Metabolism 20.51| 6.50E+06) 16.63 | 2.31E+06| 579 | 8.61E+06
Pyrimidine Metabolism; Phosphatidylinositol

434| P 4 |cmp C9H14N308P | 323.051854 | Phosphate Metabolism 2049 | 1.01E+06) 1667 2.83E+05 578 | 181E+06

, BetaAlanine Metabolism; Histidine 30.67 | 1.13E+07| 16.29 | 4.56E+06| 4.98 | 9.83E+06
435 N 4 L-Carnosine C9H14N403 226.106591 | Metabolism
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BetaAlanine Metabolism; Histidine

436 4 | Lcamosine CO9H14N403 | 226.106591 | Metabolism 30.64| 3.93E+06 1628 5.17E+06| 504 | 3.84E+06

437| N 4 | Diethyl 2oxoglutarate C9H1405 202.084125 - N 4.34 | 4.31E+06| - N

438 4 | Diethyl 20xoglutarate C9H1405 202.084125 5.96 | 1.72E+05 4.33 | 5.05E+05 23.89| 2.01E+05
Pyrimidine Metabolism; Amino Sugar

439| N 4 uTP C9H15N2015P3| 483.968534 | Metabolism ) N 18.72| 3.63E+05) - N
Pyrimidine Metabolism; Amino Sugar ) )

440 P 4 uTp C9H15N2015P3| 483.968534 | Metabolism N 188 | 1.23E+03 N
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Table 3-S1: Details of the urine samples for EX@S running order.

Sample

Page |

Number Sample Name Notes

01 P.1 Pooledl =50ul from each sample
of 12 samples of LMS group)

02 Std. Mix1 Standard Mixture

03 Std. Mix2 Standard Mixture

04 LMS 2D3 VOo2max 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 Pooled2 =50ul from each sample
of 12 samples of LMS group)

16 GSS 2D3 VOomax 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

o8 P.3 Pooled3 =50ul from each sample
of 12 samples of MWS group)

29 MWS 2D3 VO2omax 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 Pooled2 (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 Pooled5= 50ul of each sample
from 12 samples of CMS group)

56 Std. Mix3 Standard Mixture

57 CMS 2D3 VO2omaxof 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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Pooled6 = 50ul of each sample

Page |

69 P-6 from 11 samples of MCS group)

70 MCS 2D3 VO2omax 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 Pooled7= 50ul of each sample
from 12 samples of JWS group

83 JWS 2D3 VOomax of JW = 41.7

84 JWS1D1

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 VO2omax 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 | P9 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
1221 P10 58 r?1| eld2 1soam\,:;)cl)(laJ |OC;f’\(|5‘§ ghgfg lT pple
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 3S2: 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.

Molecular : p-Value Ratio

m/z RT Formula Metabolite D2S-D2S1 B;gi/ p(corr)
904.183 | 14.7 | C22H28F205 | Flumethasone 0.00001 0.24 0.89
583.312 | 10.3 | C30H48011 Cholicacid glucuronide | 0.00009 0.27 0.63
407.164 | 15.2 | C22H2905CI Beclomethasone 0.00012 0.20 0.68
331.09 | 10.9 | C13H21N204PY{ Butamifos 0.00015 0.48 0.78
173.092 | 13.3 | C7TH12N203 Glycylproline 0.00015 0.54 0.75
477.147 | 12.8 | C17H26N4012 | GluThrAspAsp 0.00026 0.42 0.72
291.15 | 10.2 | C19H20N20 16-Epivellosimine 0.00029 0.33 0.61
461.225| 9.8 C19H34N409 | GluLeuThrThr 0.00035 0.24 0.67
233.068 | 11.9 | C9H1407 trihomocitrate 0.00038 0.51 0.71
471.218 | 9.1 C30H3205 [Fv]Euchrenoneald 0.00049 0.26 0.81
173.073| 12.4 | C10H10N20O Indole-3-acetamide 0.00058 0.61 0.70
375.152 | 4.0 C26H20N20 XE991 0.00073 0.10 0.65

[STtrihydrox]
407.281| 6.6 | C24H4005 3Alpha, 7AIpha, 12AIpRa ¢ 51079 | 934 | 0.74

trinydroxy-5Beta

cholan24-oic acid
118.051| 12.0 | C4HINO3 L-Threonine 0.00079 0.64 0.71
281.114 | 11.9 | C13H18N205 | ThrTyr 0.00082 0.39 0.68
322.09 | 11.2 | C11H21N304S] Met-AlaCys 0.00106 0.27 0.65
291.114 | 9.7 C18H16N202 | INF271 0.00109 0.55 0.64

S(3-o0xo-3-carboxyn-

220.029 | 11.1 | C7H11NOS5S . 0.00111 0.21 0.63
propyl)cysteine

288.124 | 12.1 | C16H19NO4 3'-Demethoxypiplartine | 0.00117 0.26 0.71

377.146 | 13.2 | C17H22N406 | Trp-SerSer 0.00122 0.29 0.71

302.136 | 12.6 | C12H21N306 | Nicotianamine 0.00122 0.47 0.67

[FA methyl(20:2)]
methyl Shydroperoxy
6,8,9,11bisepidioxy
12,14eicosadienoate

413.219| 4.9 C21H3408 0.00126 0.59 0.64

216.099 | 11.8 | CBH15N304 N-AcetytL-citrulline 0.00132 0.60 0.63

334.055 | 10.8 | CoH14N507p | Dihydroneopterin 0.00146 | 0.39 |0.64

phosphate
172.097 | 10.9 | C8H13NO3 gﬁg:}ﬁrykbhomosame 0.00147 |0.60 |0.67
389.179| 8.3 | C25H27N2CI | Meclizine 0.00161 | 050 |067
148.043 | 14.0 | C5SH1INO2S | L-Methionine 0.00165 |058 |0.63

[Fvmethoxy,methox]
(S)2,3-Dihydro7-
methoxy-2-[2-(4-
methoxyphenyhb-
benzofuranyfj4H1-
benzopyramd-one

399.124 | 12.9 | C25H2005 0.00166 0.45 0.63
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gammaGlutamy}

215.104| 9.3 | COH16N204 | gamma 0.00180 |0.64 |0.68
aminobutyraldehyde

247129 13.4 | CI0H18N205 | GluVal 0.00187 |0.40 |0.62

583.312| 11.5 | C30H48011 Cholicacidglucuronide | 0.00253 0.23 0.50

321.089 | 14.1 | CLOH18N406S| AsnCysSer 0.00282 | 0.39 |0.59

421.171| 12.0 | C19H26N407 | AlaPheAlaAsp 0.00373 |0.31 |0.54

449.203| 10.4 | C21H30N4O7 | AlaPheVatAsp 0.00400 |0.32 |0.74

388.168 | 10.2 | C20H24FN304 | Balofloxacin 0.00534 | 0.14 |0.50

379.161| 11.7 | C17H24N406 | AlaGInTyr 0.00542 | 0.35 |0.63

191.103| 9.8 | C7TH14N204 |MESO26 . 0.00697 |030 |057
Diaminoheptanedioate

214.028| 9.7 | COH10CINO3 | 3-Chlorotyrosine 0.00697 | 0.23 |0.59

142.051 | 9.6 C6HIONO3 Vinylacetylglycine 0.00755 0.56 0.67

301.129 | 14.9 | C15H18N403 | PheHis 0.00904 | 0.31 |0.59

254.096 | 14.5 | C13H18CINO2 | Hydroxybupropion 0.00917 0.49 0.63

261.144| 5.6 | CLIH20N205 | GluLeu 0.01123 |0.31 |0.60
S

322133 9.0 | CI3H23NOAS2| o on o migl 001264 | 0.47 | 058

403.161| 11.1 | C19H24N406 | GluAlaTrp 0.01338 | 0.26 |0.65

258.108 | 15.7 | CLOH17N305 | Gly-ProSer 0.02019 |0.25 |0.50

421.228 | 4.4 | coonssors | LABis@ethylhexyl) g ho0es 1033 | 051
sulfosuccinate

218.139 | 6.0 C10H19NOA4 O-Propanoylcarnitine | 0.03150 0.36 0.45
[FAmethyl,hydroxy(5:0)

147.066 | 11.1 | C6H1204 SRmethyk3,5 0.03859 |0.61 |0.55
dihydroxypentanoic
acid

297.181| 4.6 | C13H22N503 | diphthamide 0.04240 | 0.47 |0.46

386.145 | 15.5 | C18H21N505 | Denzyladeningr-N- 0.04767 | 0.34 |0.57
glucoside

379.168| 12.0 | C22H24N204 | Vomicine 0.05349 | 0.34 |0.58

469.16 | 4.5 | C1OH26N40O10 | ASpSerSerTyr 0.09988 | 0.29 |0.47

434.217| 7.9 | C1OH29N705 | PheAsnArg 0.14187 |0.38 |0.51

24714 | 15.0 | CoH18N404 Nz NED1-Carboxyethyh | 55001 | 223 | 089
L-arginine

178.072 | 10.8 | C7TH7N50 6-methyFH2-pterin 0.00007 | 3.94 |0.90

182.997 | 17.0 | C4H8S06 Qzﬁ;?gyb”tyr'c acid | 500008 | 217 | 085

250.105 | 10.8 | C8H15N306 | Gly-SerSer 0.00010 |3.43 |0.87

137.046 | 10.8 | C5H4N4O Hypoxanthine 0.00011 |3.75 |0.89

100.072| 9.6 |C7H13NOs | 2@minod,7-dideoxyD- | 5075 | 45 | .77
threo-hept-6-ulosonate

217.083| 10.9 | C8H14N205 | LAlaL-Glu 0.00096 | 1.76 |0.73

240102 | 9.1 | C15H13NO2 | \Hydroxy2- 0.00169 |3.88 |0.66
acetamidofluorene

140.082 | 8.9 | C6HIN3O L-Histidinal 0.00201 | 4.27 |0.67
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240.001 | 15.7 | C6H11INO5S2 | SMercaptolactate 0.00246 |1.53 |0.68
cysteinedisulfide

202.109 | 5.8 C9H18NO4 O-Acetylcarnitine 0.00260 1.76 0.69

192.067 | 6.0 C10H11NOS3 Phenylacetylglycine 0.00432 1.76 0.63

172.097 | 13.5 | C8H13NO3 g'c'st;‘:]ygy“'homose””e 0.00546 |3.77 |0.58

555.245 | 8.8 C28H36N408 | AspLeuPheTyr 0.00753 1.48 0.70

253.093 | 9.2 C10H12N404 | Deoxyinosine 0.00884 4.97 0.76

314234 |56 |ci7H3sNoa | [FA (00N @ecanoyl | 5ho70 | 156 | 065
R-carnitine

285.083 | 13.1 | C10H12N406 | Xanthosine 0.01137 2.33 0.61
[Fv hydroxy,trimethox]

391.019 | 17.0 | C18H1705Br g,'ff_m‘}(s'hydroxy 0.01425 |179 |0.57
trimethoxychalcone
N-

231.009| 4.1 C3H11N30O5PS| Phosphohypotaurocyan 0.01992 1.59 0.64
ine

168.066 | 8.0 | C8HINO3 Pyridoxal 0.02063 5.50 0.54

541.265 | 9.6 C24H34N1005 | HisLeuHisHis 0.02189 1.84 0.63

269.088 | 11.5 | C9H1609 Inosine 0.02489 16.27 | 0.55
3-(3.4

197.046 | 9.8 | C9H1005 Dihydroxyphenyl)lactatd 0.02514 | 1.43 |0.63

498.27 | 6.1 C26H35N505 | LysPhePheGly 0.03237 1.75 0.61

132.066 | 14.2 | C5HINO3 hydroxyproline 0.03886 18.28 | 0.46

161.038 | 19.7 | c7H110201 | [FA (7O Fchloro2E 1 yars 1190 | 051
heptenoic acid

221.092 | 6.8 C11H12N203 | 5-HydroxyL-tryptophan | 0.05752 2.25 0.46
(1R}Hydroxy(2R}

450.136 | 4.5 C20H25N307S | glutathionytl,2- 0.05860 1.98 -0.56
dihydronaphthalene

198.113 | 16.8 | C10H15NO3 L-Metanephrine 0.08210 3.00 -0.39

395.071| 11.3 | C12H20N407S7 AspCysCysGly 0.09705 2.66 -0.62

420.223 | 4.5 C20H29N505 | LysTrp-Ser 0.11143 2.04 -0.58

173.092 | 14.9 | C7TH12N203 Glycylproline 0.11562 5.58 -0.38

170.081 | 12.4 | C8H11NO3 Pyridoxine 0.19003 2.05 -0.32
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Table 3S 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.

Molecular : iz REE
m/z RT Formula Metabolite D2S3 D2S3/ | p(corr)
D2S1 D2s1

334.126 | 18.0 | C12H21N308g FACetytbetaD- 0.00098 | 19.59 |0.79
glucosaminyl)asparagine

277.002| 11.5 | CoHlosos | Mihydroxyphenylpropionic | 45457 | 55 15 | .84
acid sulfate or isomer

330.118 | 10.8 | C14H19NO8 | Dopamineglucuronide 0.02707 | 4.62 0.50
[ST methoxy,hydroxy(3:0)} 2
methoxy-3-hydroxyestra

379.122| 5.4 | C19H2406S 1,3,5(10)trien-17-one 3 0.01368 | 6.81 0.73
sulfate

409.136 | 8.7 C17H22N408 | AsnAspTyr 0.05651 | 5.74 0.58

319.045| 4.2 C15H1208 Dihydromyricetin 0.04583 | 2.89 0.67
1-(5-Phosphoribosyp-

367.066 | 15.7 | CLOH15N409H formamido4- 0.00296 | 6.45 0.74
imidazolecarboxamide

240.101| 10.8 | C15H13NO2 | NHydroxy2- 0.00378 |3.09 |0.57
acetamidofluorene

346.056 | 11.2 | C10H14N507H AMP 0.06766 | 6.58 0.56

490.216 | 5.1 C19H33N501( GluLysThr-Asp 0.05040 | 3.00 0.51
2-Hydroxy6-oxo-(2'-

234.077] 9.5 C12H11NO4 | aminophenyBhexa?2,4- 0.00034 | 4.54 0.80
dienoate

597.366| 5.0 C33H48N406 | L-Urobilinogen 0.00696 | 6.71 0.69
[Fv Methyl trimethox]3,4-

343.118| 7.9 C19H1806 Methylenedioxy2',4',6- 0.01677 | 5.06 0.63
trimethoxychalcone

367.104 | 6.4 C17H2009 O-Feruloylguinate 0.01823 | 241 0.70

188.003| 5.1 | C6H7NO4s | ZPyrdyl hydroxymethane | g 55315 | 556 | 073
sulfonic acid

200.175| 12.1 | C10H21IN30O | Diethylcarbamazine 0.01824 | 4.84 0.62

381.18 | 14.2 | C22H24N204 | Vomicine Vomicine 8'0089 0.60

240.109 | 10.8 | C9H13N503 | Dihydrobiopterin 0.00080 | 2.72 0.76

359.204 | 24.0 | C14H26N605 | Pro-SerArg 0.00625 | 4.80 0.67

302.134 | 16.5 | C12H19N306 | AlaAspPro 0.00152 | 4.57 0.80

277.003| 14.4 | coH10sog | Uihvdroxyphenylpropionic | heaq, | 350 | 051
acid sulfate or isomer

385.144 | 6.4 C13H24N201] Macrozamin 0.00710 | 4.28 0.72

208.093|8.9 | C13H17NO7 | &minobenzoateibeta:D- 0.01663 |2.27 |0.57
glucopyranosyl ester

218.049| 4.5 C8H11NO4S | TyramineO-sulfate 0.02041 | 2.32 0.66
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295.087 | 7.8 | C12H16N4039 5-methylthiotubercidin 0.02420 | 3.72 0.39

302.087| 13.7 | c12H1sNog | +Nitrophenolalphab- 0.00129 | 255 |0.70
galactopyranoside

261.091| 4.3 | C1OH16N2049 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 522H23C|N20 Loratadine 0.00094 | 2.69 0.73

595.35 | 5.1 | C33H46N406 | L-Urobilin 0.00315 | 2.99 0.59

275.092 | 10.9 | C15H1605 Lactucin 0.04030 | 1.91 0.54

315.159| 12.9 | C19H2204 EER] 2,2Didehydrogibberellin | 55514 | 212 | 0.74
2-Hydroxy6-oxo-(2'-

234.077| 12.7 | C12H11NO4 | aminophenybBhexa2,4- 0.00010 | 2.98 0.81
dienoate

270.061 | 11.7 | C11H13NO7 | hydroxypyridine glucuronide | 0.09258 | 2.11 0.57

163.052| 8.8 | c7Hi102ci | [FA (7:0)] #chloro2& 0.09062 |2.00 |0.51
heptenoic acid

446.152 | 16.4 | C16H25N501( AlaAspAspGIn 0.04092 | 3.77 0.53

156.077 | 17.2 | C6HIN302 L-Histidine 0.00012 | 3.54 0.85

161.128 | 23.0 | C7TH16N202 | N6-Methyl-L-lysine 0.00168 | 2.67 0.73

593.334| 5.3 | C32H48010 | Debromoaplysiatoxin 0.01163 | 2.41 0.53

173.987| 5.6 | C5H5NSO4 hydroxypyridine sulfate 0.03154 | 2.07 0.65

594.337 | 5.2 | C26H43N90O7 | ArgLysGInTyr 0.01468 | 2.29 0.50

411.122| 6.0 | C20H2507CI | Eupachlorin 0.01506 | 4.31 0.62

156.077 | 15.8 | C6HIN302 L-Histidine 0.00002 | 2.63 0.87
2-Succinyb-enolpyruvyi6-

327.072| 13.9 | C14H1609 hydroxy-3-cyclohexenel - 0.04770 | 2.09 0.46
carboxylate

221.081| 6.0 | C12H1204 2,6-Dioxo6-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 | C6HIN302 L-Histidine 0.00166 | 2.73 0.72

196.026 | 135 | caH7Nos | SHydroxy2-methylpyridine | ) o600 | 503 | 0.49
4 5dicarboxylate

399.144 | 16.6 | C22H2207 Deoxypodophyllotoxin 0.00169 | 3.17 0.76

168.03 | 7.8 | C7TH7NO4 L-2,3 Dihydrodipicolinate 0.02339 | 1.98 0.60

214.027 | 14.0 | C9H10CINOS3 | 3-Chlorotyrosine 0.00298 | 2.91 0.71

156.077 | 19.1 | C6HIN302 L-Histidine 0.00007 | 1.99 0.78
3,4

169.051| 7.9 | C8H1004 Dihydroxyphenylethyleneglyc| 0.01602 | 2.17 0.63
I

260.053 | 12.7 | C6H14NO8P | D-Glucosamine fhosphate | 0.00029 | 2.14 0.78

154.062 | 17.2 | C6HIN302 L-Histidine 0.00222 | 2.35 0.70

154.063 | 20.4 | C6HON302 L-Histidine 0.00026 | 2.10 0.79

207.077 | 4.9 | C10H12N203 | L-Kynurenine 0.01873 | 1.58 0.54

217.018| 4.3 | C8H10SO5 phenylethylene glycol sulfate| 0.02391 | 2.08 0.64
[Fv Methyl(9:1)B',4"-

309.076 | 5.1 | C18H1205 Methylenedioxy 0.26933 | 2.04 0.39
[2",3":7,8]furanoflavanone
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175.119| 25.3 | C6H14N402 | L-Arginine 0.02416 | 1.83 0.56

180.089 | 17.1 | C7TH10ON50 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 | csH1zorp | ZCMethykDenythritol 4 51459 1271 | 062
phosphate

241.129| 14.6 | C10H16N403 | Homocarnosine 0.05667 | 2.67 0.46

230.997| 6.9 | csHssos | ydroxyphenylaceticacid | o5176 | 509 | 059
sulfate or isomer

415.004 | 16.0 | C15H20N408g O Carbamoy . 0.01044 | 253 |0.58
deacetylcephalosporin C
2-Hydroxy6-oxo-(2'-

234.077| 16.3 | C12H11NO4 | aminophenybBhexa2,4- 0.00694 | 1.51 0.61
dienoate

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
[Fv Trihydroxy,trimethy]

357.169 | 15.0 | C21H2405 | 24 AT Trihydroxy3'.6%6™ | () /a0 1001 | 0.52
trimethylpyrano[2",3":6',5']
dihydrochalcone

170.092| 13.5 | C7H11N302 | 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 | CAH5NO3 Maleamate 0.02136 | 1.55 0.55

285.119| 14.8 | C11H16N405 | Coformycin 0.00560 | 2.27 0.62
2-Hydroxy6-oxo-(2'-

234.077| 18.0 | C12H11NO4 | aminophenybhexa2,4- 0.00615 | 1.69 0.63
dienoate

128.035| 16.1 | csH7NO3 | L-Pyrrolined-hydroxys- 0.00398 | 1.47 |0.60
carboxylate

323.146 | 22.9 | C12H24N208 | Procollagen D 0.05039 |2.99 |0.53
galactosyloxy)-lysine

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 | C6H8N203 4-Imidazolone5-propanoate | 0.00015 | 1.38 0.75

249.149| 12.5 | C15H2003 [PR] 1,2Dihydrosantonin 0.28230 | 2.11 0.40
[ST hydroxy(5:0)]-Bydroxy

267.138| 6.8 C18H1802 estra1,3,5(10),6,9entaen 0.00244 | 0.48 10.66
17-one

275151| 7.4 | c1am20N402 | N (4-Guanidinobutyha- 0.00465 | 0.39 |10.61
hydroxycinnamide

287.196 | 4.7 C14H26N204 | N-AcetyHeucyHeucine 0.00226 | 0.53 10.68

450.176 | 6.5 C15H27N7079 ArgAspCysGly 0.00170 | 0.51 0.71

153.031| 11.3 | C6H6N203 Imidazoi5-yl-pyruvate 0.00346 | 0.46 -0.64

174.087| 15.0 | C6H11IN303 | 5-Guanidine2-oxopentanoate | 0.00038 | 0.53 50.73

494,239 | 5.0 C25H35N09 | Ryanodine 0.00242 | 0.48 1£0.68

262.136 | 5.7 C14H19N3S | Methapyrilene 0.00094 | 0.56 0.72

172.097| 9.0 | C8H13NO3 g'CBtgxy”"homose””e 0.00021 | 0.50 |b0.74

245.113| 9.2 C10H16N205 | GluPro 0.00047 | 0.56 50.74
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451.166 | 8.0 | C20H28N4069 Ala-CysPro-Tyr 0.00380 | 0.39 | L0.63
111.009 | 18.5 | C5H403 2-Furoate 0.00253 | 0.48 | L0.64
172.073| 15.0 | C6H11N303 | 5-Guanidine2-oxopentanoate | 0.00020 | 0.45 10.76
500.239 | 4.5 | C19H33N90O59 ArgMet-Gly-His 0.00248 | 0.52 | 50.68
538.232| 5.0 | C24H35N5079 GInMet-Pro-Tyr 0.00016 | 0.39 |L0.78
237.09 | 8.3 | C8H16N204S| Met-Ser 0.00581 | 0.52 | 50.61
522.197 | 5.6 | C18H31N7099 Glu-AspCysArg 0.00234 | 0.40 | b0.69
210.062| 5.0 | C7TH7O3N5 uric acid acetonitrile adduct | 0.00074 | 0.52 £0.71
422.203| 7.8 | C19H27N506 | PheGInGIn 0.00230 | 0.53 | £0.65
492.224| 5.0 | C18H33N7074 AlaMet-AspArg 0.00130 | 0.50 |£0.70
241.012| 14.9 | ceH1108p | D:Myornositol 1,2cyclic 0.00031 | 057 |10.73
phosphate
434.217| 7.5 | C23H31NO7 | Mycophenolate mofetil 0.00049 | 0.43 £0.70
102.066 | 16.8 | C3H7N30O N-acetylguanidine 0.00001 | 0.46 £0.83
156.078 | 10.0 | C6H10N302 | N3-hydroxyethylcytosine 0.00034 | 0.52 £0.74
448.203| 6.1 | C17H29N509 | AlaLysAspAsp 0.00023 | 0.48 | L0.76
234.134| 12.9 | C10H19NO5 | Hydroxypropionylcarnitine 0.00219 | 0.52 £0.66
176.103 | 16.2 | C6H13N303 | L-Citrulline 0.00044 | 0.59 |b0.77
219.134 | 13.7 | C9H18N204 | N2-(D-1-CarboxyethyH.-lysine | 0.00014 | 0.47 | b0.77
138.091 | 22.4 | C8H11NO Tyramine 0.00118 | 0.53 | £0.70
290.102 | 4.9 | C15H15NO5 | Acronycidine 0.00020 | 0.49 | b0.77
336.217| 6.2 | C19H29NO4 | Ankorine 0.00013 | 0.56 |bL0.77
189.123 | 13.6 | C8H16N203 | Glycylleucine 0.00013 | 0.54 | b0.77
207.114| 20.0 | C11H14N202 | Phenylethylmalonamide 0.00001 | 0.56 £0.85
374254 7.2 C19H35NO6 | Dodecanedioylcarnitine 0.00001 | 0.51 £0.84
173.009 | 18.4 | C6H606 cisAconitate 0.00267 | 0.40 |50.64
129.019| 18.5 | C5H604 Mesaconate 0.00237 | 0.42 | 10.65
278.198 | 5.2 | C14H23N50 | EHNA 0.00034 | 0.41 |bt0.78
146.081| 9.8 | C6H1INO3 | LA 0x0.amino(B:0)18x05S | 54413 | g54 | 10.77
amino-hexanoic acid
493.208 | 8.0 | C25H34010 | Glaucarubinone 0.00082 | 0.20 | 0.56
288.171| 4.7 | C16H21N302 | Zolmitriptan 0.00195 | 0.51 | £0.68
203.139| 14.6 | COH18N203 | LeuAla 0.00016 | 0.58 | £0.79
476.199| 5.5 | C18H29N501( AsnLeuAspAsp 0.00415 | 0.48 | 10.62
258.11 | 15.2 | C8H20NOG6P | snglycera3-Phosphocholine | 0.00108 | 0.55 £0.70
500.247 | 4.5 | C20H33N708 | AspLysThrHis 0.00106 | 0.52 | £0.72
334.203| 6.2 | C19H29NO4 | Ankorine 0.00579 | 0.48 | t0.59
220.029| 15.6 | C7TH1INOBS | S{(30X03-carboxyn- 0.00138 | 0.53 | 10.70
propyl)cysteine
218.114| 11.8 | C8H15N304 | N-AcetytL-citrulline 0.00001 | 0.57 |£0.83
490.207 | 5.0 | C18H31N7074 ArgAspCysPro 0.00156 | 0.51 |b50.71
178.107 | 16.2 | C7TH15NO4 validamine 0.00060 | 0.56 |bL0.75
221.092 | 10.7 | C11H12N203 | 5-HydroxyL-tryptophan 0.00066 | 0.52 |b0.74
165.075| 13.4 | C6H1205 L-Rhamnose 0.00042 | 0.52 |b0.74
233.114 | 10.9 | C9H16N205 | N2-Succinyl-ornithine 0.00196 | 0.52 |b10.64
288.217 | 6.4 | C15H29NO4 | L-Octanoylcarnitine 0.00161 | 0.54 | £0.69
283.129| 5.5 | C13H18N20O5 | ThrTyr 0.00135 | 0.49 |b0.71
219.081| 14.9 | C8BH16N203S| Met-Ala 0.00027 | 0.52 Lno
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187.108| 9.8 C8H14N203 | AlaPro 0.00004 | 0.52 £0.81
205132| 6.0 |cigHigoz | (Butylbenzofuramyh(d 0147 |59 | 1069
hydroxyphenyl)ketone
145.014| 16.2 | C5H605 2-Oxoglutarate 0.00348 | 0.47 £0.63
480.187 | 7.9 C16H29N7089 ArgAspCysSer 0.00143 | 0.44 £0.70
220.118| 13.2 | C9H17NO5 Pantothenate 0.00146 | 0.53 £0.69
153.066| 11.9 | C7HeN202 | NiMethyl-2-pyridones- 0.00096 |052 |1L0.68
carboxamide
257.113| 9.6 | C11H16N205 | L{Pe@DRiboturanosyl.4 1 00116 | 056 | 1071
dihydronicotinamide
450.235| 5.5 C21H31N506 | AlaPheValAsn 0.00007 | 0.45 £0.78
248.113 | 14.1 | C10H17NO6 | Linamarin 0.00032 | 0.51 10.75
350.16 | 7.2 C18H23NO6 | Riddelline 0.00378 | 0.52 £0.64
217.129| 15.6 | C8H16N403 | N-acetyl(L)arginine 0.00001 | 0.54 0.54
247.092 | 11.3 | C9H14N206 | 5-6-Dihydrouridine 0.00016 | 0.55 10.76
368.155| 13.4 | C14H25NO10 | NACCYHE-O-L-fucosytD- 0.02483 | 0.33 |b0.51
glucosamine
287.148 | 12.1 | C10H20N60O4 | AsnArg 0.00005 | 0.31 0.79
204.134 | 12.7 | C8H17N303 | LysGly 0.00142 | 0.52 £0.70
118.086 | 14.6 | C5H11NO2 L-Valine 0.00124 | 0.52 0.73
403.192 | 5.0 C26H2804 [Fv] Boesenbergin A 0.00029 | 0.51 0.73
245.15 | 8.8 | C11H20N204 | N-hexenoylglutamine 0.00007 | 0.48 £0.83
464.192 | 5.4 C16H29N7079 AlaAspCysArg 0.00097 | 0.48 0.73
386.255| 8.3 C21H31N502 | Buspirone 0.00015 | 041 0.75
310.113| 14.2 | C11H19NO9 | N-Acetylneuraminate 0.00006 | 0.58 £0.78
163.108| 9.8 C6H14N203 | N6-HydroxyL-lysine 0.00004 | 0.44 £0.83
346.124 | 14.8 | C15H24NO4PY Isofenphos 0.00081 | 0.53 50.71
288.171| 8.8 C16H21N302 | Zolmitriptan 0.00010 | 0.46 50.76
313.062| 11.2 | C10H2007P2 | [PR] Geranyl pyrophosphate | 0.00019 | 0.33 | 10.74
288.125| 12.0 | C16H19NO4 | 3-Demethoxypiplartine 0.00067 | 0.27 £0.64
167.021| 13.5 | C5H4N403 Urate 0.00019 | 0.53 £0.76
379.163 | 9.3 C17H24N406 | AlaGInTyr 0.00302 | 0.48 £0.64
253.143| 5.2 C14H2004 ubiquinoll 0.00007 | 0.53 £0.79
253.123| 7.7 C17H1602 cisHinokiresinol 0.00448 | 0.41 £0.64
417.211| 7.2 C16H30N607 | AlaLysAsnSer 0.00094 | 0.40 1£0.70
341.101| 14.6 | C19H1606 Psorospermin 0.00568 | 0.44 £0.60
175.072| 12.4 | C6H12N204 | AlaSer 0.00056 | 0.54 50.71
431.177| 4.0 C17H26N409 | GluAlaAspPro 0.00143 | 0.48 1£0.70
384.274| 5.7 |c21Ha7nos | SHydroxys, & 0.00018 |0.50 |10.76
tetradecadiencarnitine
326.087 | 11.1 | C14H15NO8 | Pancratistatin 0.00045 | 0.52 50.74
230.116 | 13.4 | CO9H16N5CI Propazine 0.00007 | 0.45 £0.79
402.285| 6.4 C21H39NO6 | [SP] Myriocin 0.00046 | 0.47 £0.74
175.108| 9.3 C7H14N203 | N-Acetylornithine 0.00016 | 0.57 b0.77
131.118| 20.5 | C6H14N20 N-Acetylputrescine 0.00331 | 0.55 1£0.66
120.066 | 12.0 | CAH9NO3 L-Threonine 0.00009 | 0.42 £0.80
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2,2,4Trimethyt3-(4-

327.139 | 14.2 | C20H19FO3 | fluorophenyl}2H1- 0.00007 | 0.55 £0.78
benzopyranr7-ol acetate
205.035| 17.8 | c7H1007 | 2Hydroxybutanel,2,4 0.00138 | 049 |10.73
tricarboxylate
487.256 | 8.1 | C25H36N406 | lle-ProProTy 0.00153 | 0.25 | 150.68
389.182| 8.6 | C19H26N405 | PNEGINPIO 0.00025 |0.42 |10.74
[FA oxo,hydroxy(5:1/5:0)]
227.127| 22.4 | c12H1804 | (ES2RB-OX02(5Hhydroxy | 54840 | 053 | 10.60
2'Zpentenyl)
cyclopentaneacetic acid
336.158| 7.7 | C13H25N3059 LeuThrCys 0.00430 | 0.55 |150.63
274.092| 14.1 | C12H19NO2S] Brugine 0.00003 | 0.48 | 50.80
216.099 | 11.8 | C8H15N304 | N-AcetytLcitrulline 0.00501 | 0.55 |b50.62
431.197 | 7.5 | C18H32N4069 CysLeuThrPro 0.00444 | 0.47 |150.62
290.089| 10.2 | C11H17NOg | 2 /AnhydroalphaN- 0.01615 |0.41 |b0.59
acetylneuraminic acid
157.992| 7.5 | C5H5NO3S 3 | 3-pyridinesulfonate 0.01051 | 0.42 | b50.56
472.25 | 4.3 | CI9H33N707 | AsnLysAsnPro 0.00001 | 0.45 |150.83
235.092| 12.8 | C8H14N206 | GluSer 0.00007 | 052 | 150.80
166.05 | 5.1 C8H7NO3 Formylanthranilate 0.00117 | 0.57 £0.69
260.089 | 15.6 | COH15N306 | AlaAspGly 0.01361 | 0.44 |150.60
330.19 | 5.0 | C16H27NO6 | Europine 0.00011 |0.49 |0.77
250.002 | 13.7 | C1OH14N206 | (1-Ribosylimidazole}-acetate | 0.00006 | 0.49 | £0.80
494.193| 5.7 | C18H31N5099 AspMet-ThrGin 0.00334 | 0.20 |b0.71
231.17 | 13.7 | C11H22N203 | LeuVal 0.00024 | 0.46 | 50.77
344.182| 5.0 | C15H25N306 | LeuAspPro 0.00001 | 0.43 |150.83
247.132| 8.4 | C15H1803 | [PR] alphaSantonin 0.00003 | 0.46 | 50.80
282.12 | 13.9 | C11H15N504 | 1-Methyladenosine 0.00042 | 052 |b0.77
420.189| 5.1 | C19H25N506 | ThrTrp-Asn 0.00007 | 0.44 | 50.81
272.172| 5.3 | C11H21IN503 | ProArg 0.00012 | 0.41 |50.78
164.074| 13.3 | C6H13NO2S | SMethyl-L-methionine 0.00105 | 0.49 |0.72
290.088 | 12.5 | C11H17NOg | 2 /-AnhydroalphaN- 0.00080 | 0.50 |10.69
acetylneuraminic acid
283.123| 13.9 | C20H1aN2 | >3Diphenyid-(2- 0.00045 |0.51 |10.76
pyridinyl)acrylonitrile
217.118| 9.3 | COH16N204 | 92MMaGlutamylgamma 0.00006 |0.51 |10.81
aminobutyraldehyde
170.092 | 10.4 | C7TH1IN302 | N(piyMethyl-L-histidine 0.00002 | 0.44 |150.83
512.287| 5.0 | C27H37N505 | AlaLysPhePhe 0.00004 | 0.41 |50.82
360.24 | 5.2 | C19H29N502 | Loxtidine 0.00237 | 0.57 |150.66
244.154| 8.8 | C12H2INO4 | Tiglylcarnitine 0.00004 | 0.43 | 150.82
221.096 | 12.9 | C8H16N203S | Met-Ala 0.00294 | 0.52 | 150.66
462.199| 6.4 | C21H27N507 | AlaTrpAlaAsp 0.00014 | 042 |b0.81
312.13 | 9.2 | C12H17N505 | 1-7-Dimethylguanosine 0.00255 | 0.56 £0.66
206.102 | 15.9 | C8H15NO5 N-AcetytD-fucosamine 0.00054 | 0.45 £0.75
45023 | 5.0 | C16H31N708 | ArgThrSerSer 0.00001 | 0.46 |b0.84
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261.145| 8.9 | C11H20N205 | GluLeu 0.00006 | 0.43 £0.82
294.1 13.8 |C14H16N302( Triadimefon 0.00410 | 0.48 £0.61
184.061| 5.1 C8HINO4 4-Pyridoxate 0.00054 | 0.53 £0.73
245.149| 7.3 | C11H20N204 | N-hexenoylglutamine 0.00080 | 0.51 0.71
232.129| 10.9 | CO9H17N304 | AlaAlaAla 0.00077 | 0.46 50.70
320.062 | 20.4 | C11H15NO10 | beta-CitrytL-glutamic acid 0.14503 | 0.52 £0.57
188.057 | 14.9 | C7TH11NO5 N-AcetytL-glutamate 0.00005 | 0.40 £0.78
333.115| 11.1 |C13H21N402( TosArgCH2CI 0.00362 | 0.46 50.62
333.105| 7.8 | C11H18N408 | AsnAspSer 0.00723 | 0.50 50.58
526.265| 5.5 | C27H35N506 | AsnPhePheVal 0.00549 | 0.53 50.62
357.213| 14.3 | C16H28N405 | LeuGInPro 0.00013 | 0.47 L0.77
222.09 | 15.7 | C8BH16NO4P D,L- . .. | 0.00097 | 0.55 50.69
cyclohexanephosphinothricin
392.155| 12.5 | C16H25NO10 | Proacaciberin 0.00015 | 0.39 £0.78
234.145] 9.3 | CO9H19N304 | LysSer 0.00008 | 0.45 0.45
296.136 | 17.8 | C12H17N504 | N6,N6Dimethyladenosine 0.00195 | 0.49 50.69
530.333| 6.3 | C28H43N505 | lle-LeuTrp-Val 0.00106 | 0.50 50.70
192.106 | 17.8 | C8H17NO2S | trihomomethionine 0.00549 | 0.48 £0.60
478.192| 9.8 | C21H27N508 | AlaTrp-AspSer 0.00201 | 0.34 |b0.64
531.336 | 6.3 | C21H42N100€ ArglLeuSerArg 0.00055 | 0.44 | 50.73
400.27 | 6.3 | C21H39NO6 | [SP] Myriocin 0.00400 | 0.39 £0.60
790.56 | 3.8 | C42HB0ONO10R PS(18:0/18:1(92)) 0.00432 | 0.53 50.63
331.175| 11.7 | C16H2607 8-Epiiridodial glucoside 0.00030 | 0.42 50.73
220.12 | 14.1 | C10H15N50 | Dihydrozeatin 0.00146 | 0.49 10.66
271.165| 5.2 C13H22N204 | N-octadienoylglutamine 0.00001 | 0.44 £0.86
229.155| 10.7 | C11H20N203 | LeuPro 0.00017 | 0.48 50.79
258.17 | 8.1 C13H23NO4 | 2-Hexenoylcarnitine 0.00175 | 0.49 £0.68
237.077| 10.8 | C12H1405 3-4-5-Trimethoxycinnamicacig 0.00069 | 0.44 £0.69
288.121| 13.8 | C11H19N306 | Pro-SerSer 0.00010 | 0.30 50.72
474.231| 4.5 | C18H31N708 | AlaGInGInGIn 0.00002 | 0.44 | £0.83
462.233| 9.2 | C22H31N506 | AlaPheGInPro 0.00009 | 0.45 50.81
218.156 | 13.2 | C11H23NOS | Butylate 0.00029 | 0.51 50.75
295.165| 4.8 | C13H22N503 | diphthamide 0.00239 | 0.52 10.64
217.155| 13.2 | C10H20N203 | Valval 0.00009 | 0.45 50.82
330.227| 6.8 | C17H31NO5 | 6-Ketodecanoylcarnitine 0.00003 | 0.45 50.83
358.197 | 10.8 | C16H27N306 | Glulle-Pro 0.00010 | 0.19 50.76
109.083| 11.2 | C7HI0N4O3 | >Acetylamine6-amino3- 0.00001 |0.48 |10.84
methyluracil
227.103| 13.6 | C10H16N204 | (SYATPA 0.00063 | 0.44 | £0.72
216.087 | 14.2 | CO9H13NO5 Succinyl proline 0.00173 | 0.40 £0.69
220.029| 11.1 | C7H1INOBS | S{(30X03-carboxyn- 0.00024 |0.23 |10.75
propyl)cysteine
203.139| 13.5 | C9H18N203 | LeuAla 0.00186 | 0.49 £0.70
261.122 | 15.1 | C14H16N203 | Maculosin 0.00056 | 0.37 50.71
304.129| 8.5 | C15H17N304 | indole-3-acetytglutamine 0.00098 | 0.49 50.71
Page| 269




2-Hydroxy6-0x0-6-(2-

233.046| 11.2 | C12H1005 hydroxyphenybhexa2,4- 0.00573 | 0.36 £0.58
dienoate

262.038 | 16.0 | C9H11INSO6 | tyrosine sulfate 0.00029 | 0.46 £0.78

316.212| 7.2 | c16H29Nos | Butoctamide hydrogen 0.00007 | 043 |b0.81
succinate

174.041| 153 | ceHoNos | [FA@mino,oxo(6:0/2:08- 14 55134 | 050 | 1£0.69
amino-3-oxo-hexanedioic acid

261.138| 12.8 | c18H1eN2 | NoN-Diphenyip- 0.00049 | 0.51 | 50.70
phenylenediamine

201.16 | 16.3 | C10H20N202 | dimethylsuberimidate 0.00075 | 0.43 £0.73

303.083| 17.4 | C11H16N208 | N-Acetylaspartylglutamate 0.00514 | 0.38 £0.61

412.168| 6.4 | C22H25N3039 Ro 185364 0.00005 | 0.45 |150.82

255.097 | 24.5 | C11H14N205 | N-Ribosylnicotinamide 0.00083 | 0.46 £0.74

116.107| 16.7 | C6H13NO Trimethylaminoacetone 0.00110 | 0.43 0.71

188.056 | 13.9 | C7TH11NO5 N-AcetytL-glutamate 0.00155 | 0.52 £0.67

266.139| 8.7 | C14H19NO4 :ifjaclma)Benzy'oxycarbo”m' 0.00026 |0.42 |10.77

229.155| 13.8 | C11H20N203 | LeuPro 0.00027 | 0.45 10.78
PE(18:3(6Z,9Z,127)/P

724.528| 4.0 C41H74NO7P 18:1(112)) 0.00118 | 0.46 £0.70
[Fv Hydrox}-

279.064| 16.0 | C17H1004 Hydroxyfurano[2",3":6,7]auro| 0.00028 | 0.44 0.44
ne

475.247| 7.0 C30H3405 [Fv] Poinsettifolin B 0.00006 | 0.52 £0.79

41223 | 7.4 C17H29N705 | LysGlInHis 0.00019 | 0.20 0.67

289.151 | 10.7 | C11H20N405 | AlaAlaGIn 0.00005 | 0.37 £0.82
[ST hydrox] N3alpha

484.31 | 4.4 | C26H45NO5S | hydroxy5betacholan24-oyl)} | 0.00771 | 0.53 £0.60
taurine

242.066 | 19.5 | C1OH11NO6 Sé(rizﬁiD'hydroxybenzoym' 0.00005 |0.20 |10.82

228.103 | 14.6 | C14H15NO2 | thyronamine 0.00226 | 0.45 10.66

301.18 |8.3 |C19H2403 éi::oa”dmsm'e”e?”ﬂ' 0.00001 |0.39 |50.82

386.255| 5.3 C21H31N502 | Buspirone 0.00006 | 0.41 £0.82

296.091| 16.0 | CO9H17N30O6S | CysSerSer 0.00022 | 0.42 £0.80

221.081| 11.4 | C12H1404 [FA (12:4/2:0)] 2E,4E,8E,108 4116 944 | 10.69
Dodecatetraenedioic acid

204.052 | 15.0 | C8H15NOS2 | Lipoamide 0.00189 | 0.46 0.67

421.191| 5.2 C20H28N40493 LeuTrp-Cys 0.00013 | 0.30 10.86

423.201| 5.9 C22H3008 Valtratum 0.00004 | 0.30 £0.90

230.186 | 16.2 | C11H23N302 | N1,N8diacetylspermidine 0.00158 | 0.43 £0.70

402.198 | 15.0 | C16H27N507 | AlaGInPro-Ser 0.00014 | 0.24 50.75
(RY3-((R)3-

189.076| 14.8 | C8H1405 Hydroxybutanoyloxy 0.00044 | 0.46 £0.73
butanoate

321.161| 8.8 C19H2502CI | 11betaChloromethylestradiol| 0.00007 | 0.38 £0.82
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506.296 | 4.8 | C25H39N506 | AsnLeuleuPhe 0.00008 | 0.32 |50.81
225.088| 5.1 C10H12N204 | 3-HydroxyL-kynurenine 0.00001 | 0.36 £0.85
[SP amino, trihydroxy,

hydroxy, methyl, 0xo(20:0)]
418.28 | 8.2 C21H39NO7 | 2Samino-3R,4R,5Strihydroxy| 0.00001 | 0.31 £0.84
2-(hydroxymethyh14-oxo-
eicos6Eenoic acid
244.058 | 15.8 | CBH11N306 | 6-azauridine 0.00037 | 0.16 |bL0.76
676.32 | 5.0 | C33H41N9O7 | GluTrp-Trp-Arg 0.00425 | 0.48 | 50.63
504.282 | 4.6 | C25H37N506 | GInLeuPhePro 0.00001 | 0.30 |£0.88
[Fv methoxy,methox] (2,3
Dihydro7-methoxy-2-[2-(4-
399.123| 15.6 | C25H2005 methoxyphenyhs- 0.10096 | 0.42 |b50.62
benzofuranyl}4H-1-
benzopyrard-one
233.124| 11.9 | C8H16N404 S;mgroxy'\"acety“” 0.00012 |0.25 | 10.80
454.256| 9.1 | c20HaoNogp| [PC (B:0/E0)] 1Zlihexanoyd | 507 151 | 1072
snglycera3-phosphocholine
472.209 | 11.0 | C17H29N9059 Arg-CysGly-His 0.00031 | 0.22 £0.68
290.16 | 13.0 | C13H23NO6 | 3-Methylglutarylcarnitine 0.00007 | 0.28 £0.83
514.265| 8.3 | C26H35N506 | LysPheGlyTyr 0.00005 | 0.28 | 150.85
384.122 | 15.2 | C16H21N3069 PheAspCys 0.00001 | 0.28 £0.85
330.165| 7.5 | C14H23N306 | ValAspPro 0.00013 | 0.32 | 50.87
517.321| 4.6 C20H40N100€¢ ArgValSerArg 0.00012 | 0.31 £0.81
516.317| 4.6 C27H41N505 | lle-Trp-Valval 0.00009 | 0.31 10.86
478.277 | 4.7 C22H35N705 | ArgPheValGly 0.00014 | 0.30 £0.82
466.251 | 8.2 C19H31N9O5 | ArgGly-Pro-His 0.00222 | 0.24 50.63
376.193 | 13.3 | C13H25N706 | AsnSerArg 0.00139 | 0.18 £0.70
206.102 | 14.2 | C8H15NO5 N-AcetytD-fucosamine 0.00007 | 0.24 £0.83
260.067| 8.9 | c10H14NO5p| P-NirophenytO-ethyl 0.00001 |0.22 |10.91
ethylphosphonate
242.066 | 14.1 | C1OH11NO6 Sé(rizﬁiD'hydroxybenzoym' 0.00374 |0.28 |10.62
496.276 | 8.8 C23H37N507 | LysPheThrThr 0.00082 | 0.12 £0.59
[FA trihydroxy(2:0)] N
(9S,11R,158ihydroxy-
398.289 | 6.0 C22H39NO5 57.13Eprostadienoyl) 0.00046 | 0.24 0.79
ethanolamine
424,183 | 14.7 | C18H25N507 | AsnGInTyr 0.00239 | 0.16 50.62
506.194 | 5.1 C19H33N5093 AspLysMet-Asp 0.03757 | 0.30 10.56
167.038| 12.6 | C5H12S04 dihydroxypentenyl sulfate 0.00001 | 0.30 £0.78
504.266| 8.9 C21H37N509 | GluLeulLysAsp 0.00037 | 0.28 1£0.84
328.161| 11.0 | C13H21N505 | ThrAlaHis 0.00036 | 0.26 1£0.62
260.115| 13.7 | C11H19NO6 | Lotaustralin 0.00379 | 0.29 50.71
2-Succinyb-enolpyruvyl6-
327.073| 17.2 | C14H1609 hydroxy-3-cyclohexenel- 0.00157 | 0.30 1£0.66
carboxylate
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334.182| 5.0 | C22H25NO2 | Lobelanine 0.02840 | 0.31 | b0.57
257.165| 5.3 | C16H20N20O | Chanoclaving 0.00100 | 0.23 | b0.72
[Fv Methy] 3'.4
305.045| 13.2 | C18H1005 Methylenedioxyfurano 0.00457 | 0.26 £0.71
[2",3":6,7]aurone
357.083| 18.8 | c15H18010 | dihydroxyphenylpropionic acit , noen6 | 935 | 10.68
glucuronide
320.092| 12.0 | C11H19N306g JAMmaL-Glutamyil- 0.00142 |029 |10.69
cysteinyibeta-alanine
490.265| 5.6 | C24H35N506 | AlaLeuThrTrp 0.00036 | 0.23 | L0.76
784.586 | 4.1 | C44H82NO8P| PC(18:2(92,127)/18:1(92)) | 0.00384 | 0.31 | £0.65
336.164 | 14.5 | C14H25NO8 | validoxylamine A 0.00336 | 0.15 0.73
293.087 | 15.8 | C11H1809 Tuliposide B 0.00635 | 0.28 | 10.59
333.076| 17.3 | c20H1405 | LoHydroxy8-O- 0.00684 |0.09 |10.58
methyltetrangulol
[Fv Methyl,hydrox] 4,5
283.059| 21.2 | C16H1005 Methylenedioxy6- 0.01252 | 0.28 1£0.56
hydroxyaurone
554.296 | 5.2 C29H39N506 | GinLeuPhePhe 0.00302 | 0.25 0.77
N-(6-Oxo-6H
310.071| 16.0 | C17H11NO5 | dibenzo[b,d]pyrars- 0.00037 | 0.26 £0.84
yl)maleamic acid
328.115| 12.1 | c11H22Nogp | [PC acetyldcetyk-formyl 00 1615 | 1071
snglycera3-phosphocholine
260.078 | 17.6 | C10H15NO7 | Hymexazol &jlucoside 0.00095 | 0.29 £0.70
534.314| 5.7 C24H39N9O05 | HisLeuLysHis 0.00276 | 0.25 10.78
281.106 | 13.5 | C11H2006S | SOPropyl 60-acetyr&betaiD- | 55505 | 918 | 10.77
thiogalactopyranoside
454,139 | 4.1 C18H25N5079 AsnCysGly-Tyr 0.00801 | 0.22 0.22
219.061| 12.5 | C7TH12N206 | AspSer 0.00010 | 0.22 £0.74
556.313| 5.1 C29H41N506 | LysPheValTyr 0.00018 | 0.26 £0.88
[PC (18:0/18:1)]41
octadecanoyR-(92
788.618| 4.1 C44HB6NOS8P 0.00326 | 0.22 10.65
octadecenoybsnglycere3-
phosphocholine
362.15 | 12.1 | C13H25N5059 LysAsnCys 0.00181 | 0.18 0.77
167.036| 12.8 | C8H804 [PK] Orsellinic acid 0.00081 | 0.28 £0.74
276.017 | 15.9 | C9HINSO7 dihydrodopachrome sulfate | 0.00364 | 0.16 10.56
338.144 | 14.7 | C13H23NO9 | Streptobiosamine 0.00018 | 0.10 £0.54
237.079| 13.7 | CO9H1605S 2-(4-methylthio)butylmalate | 0.00393 | 0.15 0.15
243.1 4.0 C10H16N205 | GluPro 0.06619 | 0.34 £0.58
501.307 | 4.6 C26H4409 Mupirocin 0.00176 | 0.30 10.65
309.16 | 7.3 C19H22N202 | Sarpagine 0.05433 | 0.35 0.67
259.098| 4.3 C15H1604 [PR] Hemigossyypol 0.01189 | 0.31 1£0.65
583.312| 11.5 | C30H48011 | Cholicacidglucuronide 0.00590 | 0.17 £0.56
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Table 4S1: Summary of brainample detailsC=Control, D=Depression, S=Schizophrenic,
B=Bipolar, DI=Diabetic. M=male and F=female.

Samples Age vear
P Pathology Brain section g Sex Of
ID (Year) .

Collection
B1 Comblqed effect_s qf chronic | Frontal conveX|_ty and 57 = 2005
alcoholism and lithium use. | frontal parasagittal
B2 Metastatic carcinoma of the | Frontal conveX|_ty and 49 = 2010
breast. frontal parasagittal
B3 Suspension by ligature Frontal conveX|_ty and 41 F 2007
frontal parasagittal
. . Frontal convexity and
B4 Hypertensive heart disease . 42 F 2006
frontal parasagittal
B5 Suspension by a ligature. Frontal conveX|_ty and 39 F 2011
frontal parasagittal
B6 | Bronchopneumonia. Frontal convexity and | o |\ | 5017
frontal parasagittal
c1 Pu_lmonary em_bollsm. Deep | Frontal conveX|_ty and 70 M 2008
vein thrombosis. frontal parasagittal
Bilateral pulmonary
embolism. Deep vein Frontal convexity and
Cc2 thrombosis. Combined effect y 22 M 2008
. . frontal parasagittal
of hypertensive heart disease
and ischaemic heart
C3 Ischaemic heart disease. Frontal convex[ty and 50 M 2010
frontal parasagittal
C4 Sudden cardiac death. Frontal convex[ty and 43 M 2010
frontal parasagittal
C5 NA Frontal conveX|_ty and 26 M 2009
frontal parasagittal
C6 | Multiple injuries Frontal convexity and |y |\ | 5009

frontal parasagittal
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Frontal convexity and

C7 NA . 39 2010
frontal parasagittal
C8 Peritonitis. Bowel infarction. Frontal conveX|_ty and 50 2011
frontal parasagittal
Ischaemic heart disease. Frontal convexity and
C9 | Coronary artery Y 43 2010
: frontal parasagittal
atherosclerosis.
c10 NA Frontal convex[ty and 38 2010
frontal parasagittal
Haemopericardium. Rupture
ci1 myocardialinfarction. Frontal conveX|_ty and 60 2009
Coronary artery frontal parasagittal
atherosclerosis. Hypertensivs
C12 Bronchlgl asthma. Pulmonar) Frontal parasagittal 42 2011
congestion.
Ischaemic heart disease. Frontal convexity and
C13 | Coronary artery y 65 2009
. frontal parasagittal
atherosclerosis.
Pulmonary
c14 thromboe_mbollsm. Deep veir Frontal convex[ty and 40 2010
thrombosis. Rupture of frontal parasagittal
Achilles tendon.
Ischaemic heart disease. Frontal convexity and
C15 Coronary artery y 74 2010
: frontal parasagittal
atherosclerosis.
Ischaemic heart disease.
c16 Coronary artery thrombosis. | Frontal convex[ty and 67 2009
Coronary artery frontal parasagittal
atherosclerosis.
Myocardial reinfarction.
c17 Previous myocardmhfar_cts. Frontal convex[ty and 48 2010
Coronary atherosclerosis. frontal parasagittal
Hypertensive heart disease.
Ischaemic heart disease. Frontal convexity and
C18 | Coronary artery y 53 2006
: frontal parasagittal
atherosclerosis.
c19 NA Frontalconvexn.y and 26 2009
frontal parasagittal
c20 Cardiomegaly. Ischaemic Frontal convexity and 36 2010

heart disease.

frontal parasagittal
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Frontal convexity and

C21 NA . 39 2010
frontal parasagittal
D1 Suspension by a ligature. Frontal conveX|_ty and 53 2008
frontal parasagittal
D2 Acute pulmonary oedema. Frontal conveX|_ty and 24 2005
frontal parasagittal
D3 Suspension by ligature Frontal conveX|.ty and 24 2008
frontal parasagittal
D4 Pu_lmonary em_bollsm. Deep | Frontal conveX|_tyand 74 2011
vein thrombosis. frontal parasagittal
D5 Suspension by a ligature. Frontal conveX|_ty and 20 2008
frontal parasagittal
D6 Suspension by a ligature. Frontal conveX|_ty and 32 2009
frontal parasagittal
D7 Pulmonary _ Frontal convex[ty and 57 2008
thromboembolism. frontal parasagittal
Diabetic ketoacidosis and Frontal convexity and
DI1 | morphine toxicity. Ischaemic y 65 2010
. frontal parasagittal
heart disease.
Ischaemic heart disease.
DI2 Coronary arte_ry . Frontalconvexn.y and 46 2008
atherosclerosis. Diabetes frontal parasagittal
mellitus.
Ischaemic & hypertensive .
DI3 heart disease. Type 1 Frontal conveX|_ty and 69 2010
. . ) . frontal parasagittal
diabetes. Liver cirrhosis.
. Frontal convexity and
Di4 Hypoglycaemia. frontal parasagittal 38 2008
Combined effects of
DI5 hype_rtenswe_heart dls_ease Frontal conveX|_ty and 45 2008
and ischaemic heart disease| frontal parasagittal
Diabetes (Type 1).
Hypertensive heart disease. Frontal convexity and
DI6 Metastatic testicular tumour. frontal parasa iti/al 38 2007
COPD. parasag
. Frontal convexity and
DI7 Hypoglycaemia. frontal parasagittal 38 2008
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Frontal convexity and

DI8 Hyperglycaemic coma. frontal parasagittal 20 2006
S1 Suspension by a ligature. Frontal conveX|_ty and 25 2012
frontal parasagittal
Intra-cerebral haemorrhage. Frontal convexity and
S2 Ruptured intracerebral _y 40 2009
. frontal parasagittal
artery. Hypertension
Acute combined morphine, Frontal convexity and
S3 | methadone, diazepam and y 50 2008
. frontal parasagittal
alcohol toxicity.
Ischaemic heart disease.
sa S_evere coronary artery_ Frontal conveX|_ty and 70 2007
disease. Atherosclerosis. frontal parasagittal
COPD. MS
S5 Pulmonary _ Frontal convex[ty and 42 2005
thromboembolism. frontal parasagittal
S6 Heart disease. Frontalconvexr[.y and 25 2012
frontal parasagittal
S7 Suspension by ligature. Frontal conveX|_ty and 42 2009
frontal parasagittal
ss Unascertained _pendlng Frontal convex[ty and 36 2011
laboratory studies. frontal parasagittal
Hypertensive heart disease. .
S9 | Chronic obstructive Frontal convexity and | ¢ 2009
) frontal parasagittal
pulmonary disease.
S10 Hypertens!ve heart disease. | Frontal conveX|_ty and 44 2006
Hypertension. frontal parasagittal
s11 External asphyxia by Frontalconvexity and a1 2008

inhalation of helium.

frontal parasagittal
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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 (Dil, 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.
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Figure 4-S2: HCA plot corresponding to figure- 4.
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Table 4S2: 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. Applicatiom of t
BenjaminiHochberg procedurwith a Q value of 0.1 indicates that the critithteshold for

a regarding a P value as being significant is >0.05.

Molecular P-value | Ratio

ID M/Z RT Formula Metabolite Name Cand | C/SD
SDBDI | BDI
Neurotransmitter metabolism
4191 | 146.0924 | 15.6 C5H11N302 4-Guanidinobutanoate 0.0002 0.714
4139 | 104.0706 | 15.9 C4HIONO?2 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 CI9H11NSO6 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 C5HI9NO4 Glutamate* 0.021 1.127
6505 | 189.087 10.9 C7H12N204 N-Acetylglutamine 0.045 1.233
67 203.083 12 C11H12N202 Tryptophan* 0.025 1.205
4366 | 161.1073 | 10.4 C10H12N2 Tryptamine 0.03 1.259
4307 | 305.0978 | 17.2 C11H16N208 N-Acetyl-aspartylglutamate* 0.029 0.489
2248 | 207.0778 | 9.4 C10H12N203 Kynurenine* 0.01 1.436
6253 | 165.1023 | 6.6 CI9H12N20 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 C8H15N0O3 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 C4HONO3 L-Threonine* 0.014 1.523
4160 | 90.05499 | 15.2 C3H7NO2 Sarcosine* 0.023 1.093
2299 | 231.099 16.8 C9H16N205 N2-SuccinytL-ornithine 0.017 0.414
Sugar metabolism
172 | 209.067 14.4 C7H1407 Sedoheptulose* 0.0006 1.741
200 | 195.0513 | 14.4 C6H1207 Gluconic/gulonicacid 0.001 2.203
154 121.0507 | 12.1 C4H1004 Erythritol/threitol 0.001 1.574
266 | 215.0332 | 13.7 C6H1106CI hexose chloride adduct 0.002 2.186
85 |181.072 |14.3 C6H1406 tsocl’rb'to'/ mannitolfadonitolfduleil o 555 | 1 ggg
57 | 241.0123 | 17.4 C6H1108P D-myo-Inositol 1,2-cyclic 0006 |0.58
phosphate
160 | 421.0761 | 17.4 C12H23014P Trehalose phosphate 0.009 0.623
169 | 209.0306 | 16 C6H1008 Glucarate/galactarate 0.013 1.312
90 151.0614 | 13.2 C5H1205 Xylitol/ribitol/arabinitol 0.017 1.144
1896 | 341.1095 | 15.6 C12H22011 Sucrose 0.026 0.601
42 | 273.0385 | 15.7 C7H1509P 1-DeoxyD-altro-heptulose 7| ) 555 | ¢ 5g7
phosphate

3327 | 177.0406 | 15.6 C6H1006 D-Gluconal,5lactone 0.049 2.745
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Purine and Pyrimidine Metabolism

2485 | 347.0404 | 15.9 C10H13N408P | IMP* 0.051 0.678
4138 | 264.1094 | 11.4 C11H15N503 N6-Methyl-2'-deoxyadenosine | 0.041 1.48
4221 | 284.0988 | 13 C10H13N505 Guanosine* 0.03 0.773
4152 | 269.0879 | 11.3 C9H1609 Inosine* 0.019 0.804
192 167.0213 | 13 C5H4N403 Urate* 0.027 1.555
4480 | 152.0566 | 12.8 C5H5N50 Guanine 0.026 0.702
596 113.0358 | 7.8 C4H6N202 5,6-Dihydrouracil 0.009 1.474
2167 | 245.0782 | 10.4 CI9H14N206 5-6-Dihydrouridine 0.009 1.442
251 255.0991 | 9.4 C11H16N205 Methyluridine 0.008 1.399
4997 | 286.1032 | 8.5 C11H15N306 N4-Acetylcytidine 0.03 1.436
Amino sugar metabolism
265 | 290.0887 | 13.6 C11H17NOS8 AnhydroalphaN- 0.0005 | 0.77
acetylneuraminic acid
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 CBH16N205 | N-AcetybetaD- 0.046 | 0.823
glucosaminylamine
4642 | 260.0528 | 15.8 C6H14NO8P D-Glucosamine fphosphate 0.032 1.566
Glycolysis and Krebs Cycle
273 103.0038 | 16.1 C3H404 Malonate* 0.007 1.298
183 173.0094 | 12.1 C6H606 cis-Aconitateisomer 0.011 1.393
5302 | 277.0311 | 12.6 C6H13010P 6-PhospheD-gluconate isomer | 0.015 0.256
225 173.0093 | 18.3 C6H606 cis-Aconitate* 0.007 0.644
3601 | 145.0144 | 6.3 C5H605 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 CosHa7NO5 | SHydroxy-11Z 0.003 | 0.448
octadecenoylcarnitine
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 C18H35N0O4 undecanoylcarnitine 0.047 1.903
Glycerolipid metabolism
[PI (18:0/20:4)]1-octadecanoyl
1233 | 885.5504 | 3.9 carHgzolsp | 2(5282,112,142 0.001 | 1.714
eicosatetraenoyn-glycero3-
phosphe(1-myo-inositol)
PC(22:4(72,10Z,13Z,16Z)/P
6999 | 820.6219 | 4.1 C48H86NO7P 18:1(112)) 0.04 0.645
1-Hexadecanoyk-(9Z-
4532 | 744.5905 | 4.3 C42HB82NO7P octadecenoy#sn-glycero-3- 0.006 0.561
phosphonocholine
[PC (18:1/18:1)] 4(9Z-
4229 | 786.6012 | 4.2 CaaHganogp | Octadecenoyip-(9Z- 0.008 | 0.87
octadecenoy#sn-glycero3-
phosphocholine
[PC (16:0/16:0)11-
7001 | 734.5701 | 4.3 C40HB0ONOS8P hexadecanoy?-hexadecanoyl | 0.0009 1.327
sn-glycero-3-phosphocholine
[PC (15:0/15:0)] 1,2
4555 | 706.5384 | 4.3 C38H76NO8P dipentadecanoynglycero-3- 0.001 1.239
phosphocholine
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[P1 (18:0)]1-(9Z-octadecenoyt)

337 | 597.3056 | 4.5 C27H51012P snglycero3-phosphe(1-myo- | 0.008 0.768
inositol)
[PC (15:0/16:0)] 1

6550 | 720.5552 | 4.4 C39H78NO8P pentadecanoy?-hexadecanoyl | 0.012 1.507
sn-glycero-3-phosphocholine

4599 | 796.5856 | 4.1 C45H82NO8P PE(18:0/22:4(72,102,13Z,16Z)| 0.018 1.13
[PG (18:0)] 1(9E-

69 509.2892 | 4 C24H4709P octadecenoyisnglycero3- 0.024 0.804
phosphe(1-snglycerol)
[PG (18:0)] 1(9E-

4554 | 511.3032 | 4 C24H4709P octadecenoyisnglycero3- 0.032 0.817
phosphe(1-sn-glycerol)

4533 | 770.6065 | 4.2 C44HBANOT7P PC(18:1(112)/P18:1(117)) 0.037 0.513
[PC acetyl(16:0)] 492-

4993 | 536.3348 | 4.4 C26H50NO8P hexadecenoyip-acetytsn 0.043 0.585
glycero3-phosphocholine
[PG (16:0)] thexadecanoysn

377 | 483.2738 | 4 C22H4509P glycero-3-phosphe(1-sn 0.048 0.809
glycerol)

4744 | 258.11 14.9 C8H20NO6P snglycero3-Phosphocholine | 0.042 1.606

4471 | 247.0576 | 13.2 C6H1508P Glycerophosphoglycerol 0.001 0.793

128 171.0066 | 14.9 C3H906P snGlycerol 3phosphate 0.034 1.684

Miscellaneous

59 239.1154 | 16.6 C10H16N403 Homocarnosine 0.004 0.622

7071 | 227.1139 | 10.3 C9H14N403 gr?srgﬁf]ge isomer (probably | 0009 | 5.168

4239 | 170.0812 | 8.1 C8H11NO3 Pyridoxine 0.005 1.678

5958 | 169.0971 | 11.3 C8H12N202 Pyridoxamine 0.049 1.245

3 96.96983 | 13.6 H304P Orthophosphate 0.005 1.168

3930 | 157.0872 | 55 C8H1403 gi%oxo(&o)] Soxooctanoic | g6q1 | 1571

7654 | 316.2845 | 4 C18H37NO3 ELSEZ?]{S;OX] Shydroxysphing | 6 005 | 1.611

5445 | 176.0554 | 15 C6HONO5 [FA amino,0x0(6:0/2:0)12 | o5 | g 511
amino-3-oxo-hexanedioic acid

1665 | 141.0923 | 4.6 C8H1402 [FA (8:0)] 2Z-octenoic acid 0.012 1.442

558 | 159.1029 | 4.9 C8H1603 Ethyl (R)-3-hydroxyhexanoate | 0.015 2.012
[ST ethyl,methy] 13thyl11-

1761 | 309.2229 | 4.2 C22H300 methylenel8,19dinorpregnd- | 0.017 0.612
en20-yn-17alphaol

2237 | 315.2547 | 4.1 C18H3604 [FA hydroxy(18:0)] 9,18 | 5518 | 1953
dihydroxy-octadecanoic acid

479 | 171.1029 | 4.7 C9H1603 9-Oxononanoic acid 0.019 1.416

7062 | 188.103 | 12.5 C7HI3N303 | >guanidined-methyk2-oxo- |4 651 | 4 443
pentanoate

355 131.0351 | 14 C5H804 2-Acetolactate 0.024 1.438

7036 | 223.0747 | 4.5 C7H14N204S L-Cystathionine* 0.026 3.785

279 131.0715 | 6.2 C6H1203 6-Hydroxyhexanoic acid 0.027 1.445

526 | 230.1513 | 24.2 C10H21N303 GammaAminobutyryklysine 0.027 0.457
[FA oxo,hydroxy(2:0)] 9oxo-

3230 | 351.2184 | 5.4 C20H3205 11R,15Sdihydroxy-5Z,13E 0.027 10.749
prostadienoic acid [PGE

276 131.0351 | 11 C5H804 2-Acetolactate 0.029 6.808

222 | 155.0464 | 8.5 C6H8N203 4-Imidazolone5-propanoate 0.03 2.317

1186 | 572.0808 | 13.2 C16H25N5014PZ GDP-3,6-dideoxyD-galactose | 0.033 0.654
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[FA hydroxy(7:0)] 2hydroxy

981 | 145.0872 | 4.9 C7H1403 oxy( 0033 | 1.333
heptanoic acid

7167 | 257.1495 | 56 C12H20N204 | N-heptadieneoyiglutamine | 0.034 | 1.661

275 | 295.2651 | 3.9 C19H3602 [FA methyl(18:0)]11R,128 | o 120 | 3 gqq
methyleneoctadecanoic acid

2549 | 189.0044 | 12.2 C6HBO7 Oxalosuccinate 0038 | 1.869

1676 | 3352235 | 4.9 C20H3204 Leukotriene B4 0.04 9.21

1522 | 219.015 | 121 C7H808 4-Carboxy4-hydroxy-2- 0042 | 1.752
oxoadipate

661 | 171.0066 | 15.4 C3H906P *sn-Glycerol 3phosphate 0045 | 0598

1674 | 159.1028 | 6.4 C8H1603 Ethyl (R)-3-hydroxyhexanoate | 0.047 | 1.419

4370 | 648.6294 | 4 C42HS81NO3 [SP (24:0)] N(15Z . 0.05 0.622
tetracosenoytsphing4-enine

3202 | 175.0978 | 5 C8H1604 [FA hydroxy(8:0)]6,8 0.05 1.598

dihydroxy-octanoic acid

Figure 4-S3: Calibration curve for sugar alcohols and gluconic acid over the rangk5(1
Kg) with Pinitd (2ug) as an internal standard
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