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Abstract

Global metabolite profiling, also known as untargeted metabolonscspnstantlyused inthe
qualitative and quantitative assessmentadfvide range ofmetabolites in human metabolomics
research, where scientistwe able to monitor changes in metabolite concentrations in human
biofluids and tissues affected bgomplex clinical diseasesincluding rheumatoid arthritis,

lf T KSAYSNRAaS t | Nl canters? i Qame & ERhedd ImbabSiie $rofiling
studies are regularly applied in human clinical samples in order to detect potbitnahrkers,
assist in drug discovery, monitdisease onset anids progressand many other bioanalytical
areas The application athe LGMS analytical tool has been most widely used in comprehensive
metabolic studies, due to its high throughput, soft ionisation and good metabolite covdrage

comparison to other analytical instruments such as NMRRRIr Raman

LCMS based metabolomics studies are currently facimgllengesiue to nonlinear responses
derived from matrix effects anbiological variationsvithin samples, whiclean result in biased
guantitative analysisaffecting true measurement of metabolite lels and their biological
relevanceTo overcomeheseissuesstable multiple*C isotopically labelled metabolites acting

as internal standards can lEmployed in metabolomics studies to reduce metabolome data
variation and improve its accuracy, also Wmoas a normalisation technique. The main
limitation of this normalisation technique in global metabolite profiling studies, however, is a
lack of availablé®C labelled standards to cover a wide range of metabolites, as well as their high
cost to produceTo solve this problem, uniformly (C labelled bacterial organisms, sucteas
colior Spirulina can be used instead, acting as a source of multiple labelled internal standards.
Currently, in metabolomics research, there is a lack of establishedateditfC normalisation
techniques that can be applied to a wide range of metabolites in mammalian samples using a
global metabolite profiling method. In this thesis the proposeeMEmethod, involving a (U)

13C labelled bacterial organism as a sourcentdrnal standards for normalisation, has been
developed and applied to a range of untargeted clinical studies to demonstrate the effectiveness

of normalisation and improvement in data accuracy to answer biological questions.

E.coliandSpirulinaextractswere analysed using ESbased metabolite profiling to select the
appropriate source of internal standards. En colisamples, around 780 putative metabolites
were detectedwith high peak signal response, compared to approximately 600 putative
metabolites in theSpirulinabacterium with poor peak signal respon&e.colappeared to have

more metabolites in common with human biofluid or tissue metabolomes tBpmulina fully



confirmingE. colito be a suitable bacterial organism to use for internal standards. The chosen
(U}C labellecE.colishowed a large proportion of metabolites labelled wit8 isotope (77%),

with only 23% of the metabolome unlabelled.

To validate the proposed normadison method, (UJ*C labellecE. coliwas applied in human

urine, human brain tissue and mouse plasma samptedabelledE.coliextract was added to

the extraction solvent (methanol) and mixed with the samples of interest in a 1:1 ratio. In all
three studies, percentage RSD of peak height intensities was calculated for detected
metabolites, along with constructed PCA and OPASplots, to assess the efficiency of
normalisation. In human urine and brain studies, approximately 70% of identified metbolit

in each group had their percentage RSD reduced, while in the mouse plasma study the result
was observed to be even better with 90% of metabolites successfully normalised. When
compared to other normalisation techniques such as MSTUS, TIC and creati&n€C
normalisation has shown better results with percentage RSD range being less variable. In all
three validation studies, PCA and OIS score plots showed clearer separation between
sample groups with their replicates clustered and high Q2 sdaraesrmalised metabolomes,
compared to nomormalised. Finally, the normalisation technique has helped to detect more
statistically significant metabolites in all three studies, compared to-marmalised datasets.

This method has shown to be fully validdf reducing metabolite variation significantly and
improving the accuracy of data by detecting a high number of statistically significant

metabolites.

A fully validated LS method with proposed normalisation technique has been applied in two
clinical irvestigation studies, to obtain a highly accurate metabolome from clinical samples and
answer the main biological questions set up by the studies: mainly searching for potential
biomarkers and the effect of a disease on metabolic pathways. One clinicglisitestigated

the effect of a fatty meal (diabetes condition) on the human urine and plasma metabolome of
healthy volunteers, while the other study performed metabolomics analysis on human low
grade glioma affected brain tissue. In both studies, normdlisetabolome data have helped

to detect a number of statistically significant metabolites which were observed to affect certain
metabolic pathways involved in the investigated diseases, showing potential for being

biomarkers.

Overall, the proposed normatition technique using multipl&*C labelled internal standards,
with the assistance of a bacterial organism as their source and a powerful analytidd LC

method, has achieved great results in reducing metabolite data variation and improving data



accurag of a wide range of metabolites in mammalian biafland tissue samples, analysed by
untargeted metabolomics, and has shown great promise in the search for potential biomarkers

in future clinical untargeted studies.
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Chapter One

General Introduction
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1.1 Untargeted metaboite profiling in human biofluidsand cell
based tissues

1.1.1 Global metabolite profiling

Sincethe 1990s metabolomics has becomereew andrapidly emerging field of bioanalytical
researchthrough technological advancemenasross several scientific discipliftedt involves

the comprehensive analysis of unigue chemical fingerprints, also known as metabolites, which
are end products of gene expression gfecific cellular processeas biological systems.
Metabolites aresmallmoleculeswvhich have dow molecular weight oPKL800 Daltons andre
usually classifie@ccording to theimetabolic pathwaybiochemicalfunction, retention time
andphysicochemicgbropertiesincludingisomeismand polarity®>4 The analysis of metabolites
helps to discover potential biomarkers involved in specific diséas@mnitor drug treatments

and therapeutic outcomés monitor toxicological studies in humans atig: environment g,
predict biochemical pathways as well asproviding the biological status of particular

metabolites qualitatively and quantitatively in metabolic reactiéhs.

Metabolomicsis part of a widegroup of studiesalledd 2 Y Att@iaéms to describe the full
complexity of functional cells, tissues, organs and organidfi©micsincludes other studies
suchasd f ALIMR2YAOQ&a¢ @INSIERREAAAl RIFI EAALM RAD ZISYy2YS0O
(analysis of RNA moleculem)dd LISR & A Oa ¢ ofoprotgihsy, hich éollectively gather
the full information about biological molecules and their functidA&igure 1.1 schematically
shows the relationship between the different omics studiasd their aplication. The
understanding of living organisnat the molecular system level is still very complicated, even
with the use of availabledvancedomics platformslt is evident that comprehensive omics
studies havean important central role and will helps to better understand biochemical
mechanisms in complex organisiidNowadays, researchers focus onegrating data from
several omicstudies to acqure a comprehensive picture of the biological process, rather than
relying on a single omicapproach!® An example of a commonly used ination is an
integration of genomics with proteomids identify the functions of geneis the regulation of
certain proteinsin aliving organismin order to understand more about the physiojogf
certain organ or tissue¥ A mmbination of metabolomics with lipidomics allows scientists to
acquire compounds of polar and norpolar naturel’ Unlike other omics studies where the
functions of lipids, genesRNAsand proteins are subject to postanslationalmodifications,

metabolomics provides very accurate information abthg biochemistry ofan organism, as

12



metabolitesare found to be easier to corr@e with the phenotype of a sample analysed
metabolites are end productsf multiple enzymatic reactions, so serve as direataigres of

biochemical activity®1°

DNA copy number assessment

Genomics Comparative genome hybridization to DNA microarrays
o 4 DNA sequencing
<4 Mass spectrometry-based genotyping

Chromosomes
Lipids
.v%. = Lipidemics

7 e« ¢
B “
:(/’,r‘ /( ) /b ﬂb % e Metabolomics
A Mectabolomic profiling
A ~, Carbohydrates /
D A Z) Glycomics \\\ ¢ /

ol alal

£

e L™ " ¢ (/
; i s ( 8 %
\ r‘». e JUy\
..(_'v a2y~ Amino acids
Transcriptomics mRNA i
Protein
Gene expression profiling _
DNA microarrays Proteomics- proteomic profiling
Muhiplex PCR Mass spectroscopy

CAIdzNE mModm LEfdzZAGNI GA2Yy 2F GhYAOaé | LILINR I
biological moleculesNu et al (2011), Molecular approaches to studying the soil biota.

Metabolomics has a variety of applicationmainly in biomedical, pharmaceuticaland
environmental science®. Comprehensive analysis ofetabolitesfrom biological tissues and
biofluid sample$n living organismenables researchers taonitor their concentration changes
in different conditionse.g. healthy vs disease statemderstandcell physiology in more detail
and apply the metabolome datéinformation on metabolites) in different context$?? This is
known as a gloal metabolite profiling?®2* 1t is widely used irthe determination of potential
biomarkers and diagnosis of a diseaBor example, a recent studly metabolite profiling of
prostate cancer cells revealed the presence of a very high concentration of lactate due to
abnormal conversion of glucosaas well as the inhibition ahe mitochondrial enzyme m
aconitase involvedn citrate oxidatior?® These findings can help researchers to further
investigate the role of lactate and -aconitase in the development of prostate canagns
diagnostic toat and potential biomakers for disease treatment. Another researstudy
investigated the effect ofan agrarian food diet on the gut microbiota usimg analytical
metabolomics technique; the results showed that diet influenced the metabolome of gut

microbiota, therefore affetingthe health of an individuad® Metabolomics can also be applied

13



in environmental sciences to study unushattic and abiotigerturbations orthe environment

and its surroundings$’ For example, over the years metabolite profiling analysis has been used
to study the effect of accideat spillage of crude oil othe aquatic environment; one study
investigated the toxic effects of oil almon revealing changesthea | £ Y2y Qa YSGl o62f
(rapid decrease in certain amino acids and organic osmolstés).well as monitoring human
metabolite changes in disease states, metabolomics approaches also observe the
pharmacokineticsand pharmacologyf medications by monitorindhuman metabolites in
response to administtégon of apharmaceutical drugrhis field of metabolomics is also refetre

G2 & &LKLF NYI &Zhe Stidjofite fdr &f Gndikypertensive drugs (atenolol)
onthe biochemical profile of metabolites in plasma samples of Caucasian and African American
individuals reveale@ decrease in certaiamino acids and fatty acids, helping pharmaceutical

research to decide on the appropriate strengths of medicatiins.

There are usually two approaches usedamy type ofmetabolomis analysis targeted and
untargeted techniques. When scientists are trying to find the identity shafisurable analytes
(metabolites lipids and unknown compoundsin a given biological system, they usa
untargeted approachsuch as globairofiling, mentioned earlie?*? An wntargetedapproach

can often be applied in biomarker discovery for serious clinicaditions®, environmental
sciences in monitoring toxicityf microorganism¥, in dant metabolomics to identify useful
compoundgor medicinal purpos€s, to name a few example¥ In arecent study this technique

has been applied to investigate the metabolitentent of pleural effusions taken from lung
cancer sufferersThe technique was able to deteatlarge quantity of amino acids and lipids
which were thought to be responsible ftris disorder?” Once theidentity of the metabolites

is determined, further studies can be done by quantifying the selected metabolites of interest
and finding their cemical properties; known asthe targeted approachThis approach allows
researchers to quantitatively analyse and validate the potential biomarkers to confirm their role
in clinical disorderd For example, in one research study this technique has been applied to
analyse complex mixtures afytokinesfrom human plasma samples rheumatoid athritis
sufferers showing how the concentrations of those glycoproteivere affectedaccordirg to

the severity of the conditionto validate them as potential biomarkef$Another study showed
determination of thefull metabolism othe HIV drug saquinavir in mice, allowing identification
ofthe RNHzZI Q& LR GSY (Al f LiKd hNdvan Oy Zrayati@t, theseSv® FSOG A
methods can provide a full metabo profile of the chosen biological organism withlida

verification of metabolites

14



1.1.2 Human metabolomicand biomarkerdiscovery

As mentioned earlier metabolomics researchis largely involved in monitoring cellular
concentration changesf metabolitesbetween healthy (control) and disea&atered)statesto
determine potential biomarkers forthe treatment of a variety of diseases including
I £ T K SAY SININY2 A rifeanat6ied arthriti¢® and various cancerd®. An wntargeted
approach such as global metabolic profilihgs in particularbeenused inthesestudies, giving
an opportunity to detecta large range opotential biomarkersfollowed by targeted analysis
for validation Research hasoncentrated on metabolite profilg analysis of human body fluid
samples, such as blodglasma}’, urine®, sdiva*®, cerebrospinal fluitf and sweat®. Human
biofluids contain essential metabolites, which are involved in the important physiological
processes and development tiie human organismExamples obuch metabolites include
nucleotides, sugars, organic acids, amino aguptidesand other classe® Human tissues
such as brain, liver, heart, and kidnejfected by diseaseare alsoinvaluable source®f

biomarkersdiscovery*®5!

Over the yearganetabolomic studies, performedin several countries, have found large
number of significantand important metabolitesidentified in human biologicafluids and
tissues aspart ofthe dHuman Metabolome Proje€f? Therefore, tiere has been an increasing
demand from the Metabolomics society to create the reference dabases of clinically
important human biofluidand tissuemetabolomes, in order to assist with comprehensive
metabolite profiling experiments and improwbe accuracyof metabolite identification. The

Gl dzYly aSial o2t ZHWBB Wak drdated w@siSginformation gathered from
compuer-aided literature resources (books, journal articles and electronic databases),
containing detailed information abouhe structure,physicochenicalpropertiesand presence

of human metabolitesin certain biofluidsand tissue$*** The database also provides
information onthe clinical aspectsf metabolites, metabolic pathways that each metabolite is
involved in and, in some instances, experimental data in the form of mass spectra to aid

scientists with analytical querie¥.

Potential biomakers are usuallyidentified by running an accurateuntargeted analysis of
biofluid and tissuesamplesprocessing analytical data througpecialised softwaréelping to
identify and validatesignificantly changethetabolites(more details about statistalanalysids
described in chapter threé€§.A recent study irchronic kidney diseadgas successfully detesd

an increase in uremic toximsthe plasma of human individuals suffering from renal impairment

These toxinsvere thought to play a significant role in the diseas®a could therefore act as

15



potential biomarker$”t I NJ A y & 2 yh&sZalsoFbkeh SiestiGated biye metabolomics
approach Several studies were performed usingptabolic profiling of urine, bloodnd saliva
samples taken frondiseasesufferers and sucasfully determinedhe status of protein and
small molecule biomarkers involved in the development of the condfffofin untargeted
metabolite profiling study of urine samples from patients wighe 2diabetes also revealthe
presene of endogenous metabolites suchtagtophan, kynurenic acid and kynurenine, which
were identified as potendl biomarkers related to the conditiofi Otherstudies showed that in
disease casesuch ascystic fibross, body sweat could be an appropridigture biofluid for
metabolite profiling analysis asdiagnostic took, sweat produces a large amount of chloride

ions, which can be easily detected arahconfirmthe presence of cystic fibrosfs.

Human urine is particularly useful biofluid, as it can be collected in a completelyingasive
manner over long periods of time from the same test subjétiEhere have been numerous
metabolite profiling experiments performed with urine samples for clinical and physiological
studies!®®2630One study usedhe human urine metabolome in diagnosing a bladder cancer.
During the analysis of urine samples tafmm cancer patients, there were three upregulated
significant metabolites (nicotinuric acid, trehalose and asparagine) detected along with
downregulated small molecules such as inosinic aniiglycine. Once tumours were removed
from the patients, thosdladder cancer metabolic features were shown to be reverteth&ir
normal state, confirming that they were playing a significant role in bladder cancer
development?* Another research study has examined changes in urine metabolites in response
to disease onset and drug effects on renal glomerular filtration. The metabolite profiling assay
showed that concentrations of gluse, sorbitol and trimethylamine oxide were elevated in
renal transplant patients after the initial doses of the transplant drug tacrolimus, suggesting that
these metabolites might be explored as potential biomark&sSome studies showed that
human sweatan also be aon-invasivebiofluid easilymeasuredand analysed for metabolomic

profiling, howevermore studies need to be performed in this a24°

Most studies investigatinthe humanmetabolomeare normally limited to a singleiofluid,

most commonly blood or urine. However, in order to analyse complex organisms or metabolic
disorders in full detall, it isometimesadvised to take into account an analysis of multiple
biofluids simultaneously Recent metabolomics studie®n dabetes, for examplewere
integrating metabolite profiling data from several human biofluid samples (blood, urine and

salivg taken from dabetes type 2 sufferer&:®®
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Therefore, there is greatneed to analyse human biofluighd tissuesamples for metabolite
profiling, in search of reliable biomarkeaadto linkthem to metbolic pathwaysg, this will help
to accurately diagnose@nd measure disease progression and response to therépgrefore,

a successful metabolomics studging a thorough experimental design is crucial.

1.2 Technical aspects of metabolite analysis

1.2.1 Analytical instruments inmetabolomics

Different highly sensitive and modetinstruments, analysing variety of metabolites have
been consistently used foglobal metabolite profilingand targeted analysisExamples of
common analytical apmations in metabolomics include high performance liquid
chromatography KIALC) or gas chromatography (GCinass spectrometry (MS)nuclear
magnetic resonance (NMR) spectroscagryzymatic assayas well as vibrational spectroscopy
including Raman spectroscopy and Faer-Transform Infraed spectroscopy (FFIR)3.7°
Metabolomics analysiseguires highly sensitive methods, usually capable of handling small
volumes of samples and providing reliable accurate measuremeatsaje set of metabolites.
Therefore, the selection of analytical technigug usually basedn the type and the amourdf

samples being analyseds avell as orthe speed of analytical run, sensitivity and selectivit{*

The great advantage of using NMRriatabolomics, for example, is for its high reproducibility,
a minimum regirement for sample preparation anthe non-destructive nature of the
technique’? NMR can generate useful structural informatiabout metabolites ivolved in
complex biological systemand theirmolecularinteractions withinbiofluids and tissuesThe
technique also has advantages of quantifying endogenous metabolites wisgiting up
precise analytical conditionslowever, not all metabolites can be detected via this instrument,
especially the complex mixtures, mainly duestomple clustering and signal multiplicity caused
by spinspin couplingsThe bw sensitivity of NMRcompared to MSis a particular issuand
limits its use in metabolomics. Nevertheless, NMR haslosed inthe past, mainlyappliedin
targeted metabolonts studies®”In one NMR study, important metabolites were detected
with significantclinical changesn plasma samplesf cancer individualsHowever, severe
overlap of signal and long acquisition time were observed during the analgdfecting the
metabolite data AnotherNMR based metabolomictudy investigatedhe effect of green tea

on the human urine metabolome, and although the results showethe important changes in
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metabolite concentration levelghe resultantspectra of samples were very hard to interpret

due to signal multiplicity and observed resonant frequenéies.

FTFIR spectroscopy is rarely usedaaguantitative technique due toéhe complexity of spectra
and poor selectivityeven though the technique is cheaper andre highly reproducible than
NMR.As with NMRFTFIR spectroscop does notrequire a complicated sample preparation
before analysis. However, it is not always easy to interpret spectra and discrimietabolites
coming from the same biological clasds the technique has limitations in quantifying
metabolites, it is very harth make precisgaccurate calculations and detect which metabolites
cause specific changes between different conditions i.e. potential biomarkeasnan
spectroscopy can produce better resolution of spectra peaks BHRR due to less interference
of the aqueous phase (water produces wearRanspectra) but, as witikFIR, its spectra does
not provide full informationon metabolite origin (poor biochemical class distinctiomnd
specific metabolite changes for biomarker detectiéfEven though Raman spectroscapys
demonstrated a rapid noinvasive analysis of metabolite# provides poor metabolite

identification’”-"8

The MS analysis, on the other hand, shows higher sensitivity and selectivity, cortgpaheidR,
Raman oFFIR, making the detection of hundreds or thousands of metabolites more accurately,
even in complex sample$® A variety of MS instruments have shown high resolution of peak
signals and suitability for higihroughput analysis of metaltites, providing higher accuracy in
metabolite identification than otheinstruments This is becaugbe MStechnique is measuring
metabolite massegsather than proton chemical shiftagin NMR)or vibrationalenergy (R) MS
analysis has alsbeen demonstratedto generally reduce the background signal noise and
overlappingpeaksin spectra ofthe metabolome®! Different MS and NMR techniques have been
applied in biofluid tissueuntargeted and targeted metabolomias the past, due to their clear
advantagesover other instrument$?8* Compared to NMR, however, MS techniquesve
provided more detdled information on quantity of metabolites and relative abundance of
certain elements in their structuregspeciallyvhencoupled with LC or GCsiinuments.MS has
shown higher sensitivifyselectivity andbeing able to detect compounds that are usually not
traced by NMRe.g. sulphate$? Therefore, MS systems haween established as primary
techniques in untargeted and targeted metabolomic&MS and G®AS have already shown
excellent analysis of biofluid and tissue polar and-potar metabolites, ira variety of clinical

studies, detecting and quantifying a widange of metabolite&>8®
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1.2.2 LCMS based untargeted metabolomics

Rapid development in the field MS coupled toseparation techniquesuch asHA_Cor GChas
become increasingly popular in untargeted global metabolite profilinge Tise of
chromatographyhelps to reduce the complexity of the sampseparatingmetabolitesand
makingit easier to analysthem effectively?”#8Metabolites are separated in a time dimension
according to their physicochemical properties (polar or 4potar) via isocratic or gradient
elution techniqueswith appropriatemobile phasegsee the details of gradientssed in chapter
two). Separation is usually performed befdiee ionisation stage in MSand therefore can
hugely affecthe ionisation efficiency of metabolites later ontime ionisationchamber, so it is
vital to choose the right chromatographic conditidinem the very beginning®°GC is found
to be more suitabldor thermally stable volatile andon-polar compounds, while LC is used for
a wide range of metabolites includimmwlar and nonpolar molecules®® With HPLC, there &
smaller chance of sample degradation and better separation of metabolites with liquid sglvents
as vell as better detection ofvider range of metabolitescompared to G@verall HPLEMSis
consideredhe primary method in untargeted metabolomids contrast to G®/S,as it delivers

adequate selectivity and high sensitivity a wide range of metabaéis.?>°!

Since bromatographic eparation dependsn the nature of metabolites, differertypes of
columns are applied for specific conditiois] @ RNR LKAt A O LY GSNI OldAzy [ A
(HILIG columr?? is most commony appliedfor polar metaboliteswhile reversedphase (RP)
type, such as theC18 column is mainly usedfor organic norpolar or semipolar
metabolites®*°* Mobile phases arelso of great importance when it comes tanalysis of
samples, where they arearefully chosen depending ohd type of analysed metabolites and
chromatographic column.dueous phaseémethanol, ethanol and watérare constantly used
alongside organic pls&solvents(acetonitrile), with chosen gradient systems dependingtba
purpose of the study® Whenthe appropriate mobile phase carries the analytes throulyé
column, the analyte molecules travel at different spegdausing them to sepate and retain
on the column at different times. Therefore, the analytes have diffeéegtention times (one

of the parameters for their identificatiorf.In HILICconditions, polamanalytesare retained on

a columnby partitioning between organic mobile phase (acetonitrile) #mel aqueous layer
formed at the silicebased surface dhe column®” HILIChas been increasingly applied in recent
untargeted HPL®MS metabolomicstudies,demonstratingsuperior retention of hydwphilic
compounds and improved ionisation of metabolif€sHILIC uses the sancomposition of

mobile phases as reversed column, which are MS compd&fibBood chromatographic
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separation improves the sensitivity of MS spectra detection and results in better MS data quality
due to reduced background noisen someHR.GMS experiments, it was also observed that
increasing the temperature of the column allowed for the decrease of mobile phase viscosity,
causing faster separation of alyte moleculeshowever this is not always ¢hcase as some
metabolites can be degraded at high temperatur@serefore, it isessential to monitor the
chromatographic parameters throughout the experiment to find the optimum conditions fo
efficient analyte separation, part ttie LGMS based methodevelopmentt®19tn chapter two,
optimisation of the conditions will be discussed in more defidie chromatographic process is

shown n figure 12.

TheMS consists of several stages includomgsation of sample molecules and mass analysis of

ions by electromagnetic, electric or radio frequency fields. These help to provide highly accurate

mass data. Durinthe ionisation step, the sample molecslare bombarded by various ionising

agents such as higénergy electrons (in the casetbe d 9 f S Ol NP yappradghReéarbyi A 2 v €

I aS2dza A2ya oa! BWADUWK S NapgoachiRiciadrdiStable fons.

| 26 SHSNE Ay G9f SOGNRALINI & i 2 differert vdy2ingvélvingg 9 { L 0 =
extensive solvent evaporiain (desolvation}®* In an ESI ion source, a narrow metal capillary is

held at high voltage, and a potentiifference is produced between the capillary &hd orifice

of the mass spectrometer. A solution containing analyte ions (LC eluentyagesl from the

capillary, and thisapillaryhigh voltageis applied to thesolution to create an aerosol. ThHis

known as nebulisabn. During nebulisation, analyte molecules are believed to undergo redox
reactions at metal interface of capillary tip. The formed ions in liquid droplets (aerosol) become
de-solvated as solvent molecules leave the droplet surface. Sofwelgiculesstart evaporating

from largerchargeddroplets, shrinking droplets in siz&he charge density on the shrinking

RNR L)X SG& odzAf Ra dzLJ dzydAft adz2NFI OS GSyaazy A& o
this limit, only desolvated iongemain. Afterrapid solventevaporations, the finalbns appear

in a gagphase state and highlgharged:®*Figure 1.3 demonstrates the process of ion formation

through ESI techniqueESI isthe preferred method to use irthe majority of metabolic
experiments, as it is shown to produce a large numbemtdct precursor molecular ions,
GKSNBEF2NE O2yaARSNBR G2 0SS | aaz2Fd Agigral iz,
human biofluidsESI hashown to reduce intermoleular fragmetation, whileAPChas shown

to induce little ion fragmentationmainly analysindipids and non-polar compounds. The

produced ions are then separated according to their rtassharge (m/z) ratios by mass

analyser, either by being trapped three-dimensional orbits (ithe OF &S 2 F A& h ND A G NI |
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analyser) or by being accelerated towards the detector depending on their kinetic energies
LINB L2 NGAZ2Y It (2 {DKCXANG KYIKET YARPEdzS &y | Of GREAASYNY) @

In summary,LCMS is an appropriat@nalytical tool for untargeted metabolite profiling of
human biofluidand tissuesamples, providing detailed information on quantity and cheah
structure of metabolites!’® LGMS methods with appropriate chromatographg.g. HILIC and
electrospray soft ionis&n (ESI), have been found suitalite biofluid sample metabolite
analysisq urine and plasma samples can be analysed with minimal samplé&rgaenent,
reduced intermolecular fragmentation due to soft ionisation and better molecule separ&fion.
However, this analytical technique can cause metabolite losses diméngxperiment, as well
as producing biased results due to matrix effé€fSq there is a need for a suitable metabolite
sample preparation and extraction procedure for certain polar metabolites, asawalbrrect

processing of raw data, in order to produce highly accurate metabolite information.
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—— Fractions collector
——— Vials containing fractions
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\ Degasser

High-pressure pump — Purging pump

Figure 1.2 Schematic diagm of HPLC system typically used ifM&analysis experimentg
Peng WP et al, Measuring Masses of Large Biomolecules and BioleartUsing Masg
Spectrometric Techniques, 2014.
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1.3 Sample preparation and extractioaspects

1.3.1 Sample preparationn LGMS metabolomics

When designingin LGMS metabolomicstudy, an appropriate numbeand typeof biological

test samples should be consideteds well ascorrect procedureson how to handle them
effectively through extractbon and sample preparationin untargeted metabolomics, it is
particularly important to extract and prepare samples effectively, in ordeolitain a large
number of endogenous metabolitdsr analysisandalsoto have a wide range of metabolite
detectedc that isanaim of untargetedanalysisGenerally, sample acquisition in any untargeted
metabolomics study is primaritiriven by experimental designif human amples are involved

the influences of gender, diet, age and genetic factors shouldomsideredbefore collecting
samples’®!1To obtain statistically validated metabolite data from human and animal samples,
sometimesa soO | f fstatiRticalllJ?2 6 SNJ | § NI &&BA &4X S & Achn®e RA & G NR
performed to ensurea sufficient number of samples are acquirkmt the studyto reducethe
influence of biological variability later d#1*Thesestatisticalanalysesrenormally conducted
before sampleollecion to helpresearcherso determinethe smallest samplaumber required

for the study to detecadesirable level of significand®ne sudy demonstrated the use dfese
techniqueswith certain modifications of statistical calculations on human &hdelegans
microorganism samples, to decide on samplenberfor the experiments, and has achieved a

high power of 0.8 for 200 samples, making a decisiamitoa large number of samplé¥.

22



During peparation of biofluid and tissue based biological samples, extra care should be taken
to minimise the possible degradation of metabolites due to remaining enzyme activity or
oxidation processe# biological cellsSpecift techniques have beeput in placeto inhibit
enzyme or oxidation activity, such as freezing in liquid nitréferacid treatment!® or
quenching in salt with low temperature methamdl In several studies, quenchisamples in

ice cold methanolwas shownto minimise the enzyme metabolism in celldowever, this
method demonstrated that cold shock quenching may cause metabolite leakage from cells, and
therefore cause the loss of important metabolité8 Quenching is usedccasionallyn biofluid

and tissue sample preparation, but the method is often well controlled and may introduce
variability in the datasetTherefore extreme care and appropriate quenching methods have to

be employed for particular tysof samplet!®

For biofluidand tissuemetabolomics studiesgach experiment haotcovera sufficient amount

of biological and analytical sample replicates, quality controlSsjQandstandard reference
samples'® This is needed for a study to have the desired statistical power to make the data
more reliable. According to standard requirements proposethieyMetabolomics Society?, a
minimum of three biological and five analytical replicates of each sample should be tested in
any L&eMS experimentQC samples arereatedto assess the analytical variability by mixing
equal amounts of pooled samplesgether and repeatedhanalysingthroughout the LEMS
experiment!?° Thedesign should also include the appropriate sample storage and preparation
conditions. For most athe metabolites the storage temperature should be arourd 1/ (i 2
avoid their degradation?” Recent HPL-®IS studies in untargeted biofluid metalomics
showed that consistent sample preparation, handlargl correct storage minimises variability

in the later analysig!

1.3.2 Extractionof biofluid and tissue based samples

Over the years, many standard protocols have been established for efficient extraction of polar
and nonpolar metabolites fromhuman and animal biofluidsand tissueslncorrect sample
preparation has a great influence on experimentgneucibility, so it is vital to consider the
right preparation technique. Human biofluidsd tissuesconsist of complex fluid and matrix
proteins, making it harder to prepare the samples for experimasihg standard protocols
Therefore, to fully optinge the preparation methods, metabolite extractionofparamount

importance!?3124
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Various extraction procedures are involved in metabolomics methodology to obtain a good
metabolite recovery for L®IS analysisThe most common technique usédr biofluids and
tissues isx f A-fj Az &daktion'?, where polar and nopolar metabolites are extracted by
shaking and vortexing with organic solvemich are chosen depending on metabolite
chemical propertieg normally methanol oethanol for hydrophilic metabolites, chloroforor
ethyl acetate forthe lipophilic (hydrophobicjype 12612’ The main advantage of this technique
is the generation ofa biphasic sample, fractioning metabolites into aqueous and lipophilic
organic layers, which can be analysed separatéhanging the temperature and composition
of the extraction solventan sometimes improve metabolite recovery but not significantly, as
observed ina few studiest?® It is currently a challenging task to get a sufficient metabolite
recoveryin biofluid and especiallytissue samplegp show high reproducibility. This is mainly
due to the dynamic nature of metabolite turnover, enzymatic actigitbecurring inside the cells
and a complex mixture of metabolitgsas mentioned earliet!’ Quenching as a paxf the
extraction procedure helps to deal wigome of thesematters, however additional steps in
extraction are requiredto obtain better metabolite recoveries.Optimised extraction

parameters for each type of sample can lead to more robust metaboloshickes!?°

Extraction steps in addition to organic saats (which separate polar from nepolar
metabolites),will primarily depend on the nature dhe metabolites, type of biofluidsand
compatibilities of solvents and temperatures with th&-MS apparatus® For humanplasma
samples, for examplehe extraction procedure would usually involve centrifugation, in order
to separate serum from blood plasmand deproteinisationto remove unnecessary proteins
from the samplesvhich may interfere with further analysiSome stidies used an anticoagulant
to separate plasma frorthe whole bloodsample'®*' The application of acidic treatments such
as nitric acichasalsobeen used to separate plasma from blood but cauasdvere reduction

in the number of detected metabolitesand so are not commonlysed For urine samples,
additional extraction steps usually involve centrifugataomd ad & 2LIKIRE S¢é¢ G SOKY A |j dzS
specific sorbent$3? One study involvedhe extraction of diseaseontrol human urine samples
with anextraction solvent of hydrogen chloride in water (1:1 ratio), followed by evaporation to
dryness. The extds were successfully recovered, and laterNB&analysis showed a high peak
response of metabolite#Another study described the method of sefithase extraction on urine
metabolites, which were successfully separated from the matrix and liquid phassdiying

them on an alkylated silica sorberif®

For tissuesamples such as liver, kidnapnd brain, advanced extraction steps are required in

addition to the use of appropriate solvents which separate polar frompoar metabolites.
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This is because extraction of tissues is the most laliensive and error prone method in
metabolomics, so requiseextra care stepsMethods usually involve homogenisation of
tissues®, freezethawingusing liquid nitrogel¥, mortar grinders, mixing with beads and using
hot water baths'*® These proceduredemonstrated effective breaking of cell membranes,
helping to release intrackilar metabolites.One study used beadased homogenisation in
combinationwith a standard organic solvent extraction for several animal tissues (liver, kidney
and muscles), demonstrating high metabolite recoveries and improved extraction yields,

comparedto standard (solvenbnly) techniques?’

It is recommendedthat the proposed minimum standards for extraction and sample
preparation outlined by Metabolomics Standards Initiative (M3i)e followed'*®1*° These
extraction procedures must be used with care and knowledge of the likely impact on

metabolomes in the samples.

1.4 Data processing and currentgges

1.4.1 Data preprocessing and statistical analysis

Data preprocessing

After an analytical run of biological samples an LGMS instrument, the3D of L&@MS data

produced(in the form of peak intensities, mass-charge ratiosretention time of analytesis
usuallyobtained witha specifically written programme for the instrumerg.g, & - / I f A 6 dzZNE ¥ :
LCMS Exactive, visually showing the spectra peaks (raw datayaWdata files are therpre-

processedo generate 2D output files, which céater be used for further statistical analyst§

Data pe-processindias played an important role in metabolomics research soiiah several
bioinformatics tools assisting the accurate processing of #ataomputationalplatforms, such

Fda aYSG!tAanda Xl akélh GXKENB R Sr@aSarigty I Bre-plodessing
purposes,transferring raw data intoa more organisedtabulated and accurate format?

S G ! figiniegtiénallydesigned taemoveany background noisandoutliers from the raw

data, correct baselinggerform peak mathing andalign retention times**& - / apfoéessing

is found to be similar ta Y' S (i !, buhitlgoéhelpscientists witlthe identification of putative

metabolites structural characterisation and statistical analysis. / a{ ¢ KI & 0SSy dzi
regularly in human biofluid and tissue untargetédMS metabolomics and metabolite

profiling, as well as targeted analysis. The main advantag€@¥$ over other preprocessing
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softwareis that it can correlate specific metabolites to their biological origin and incorporate
non-linear retention time alignmet helping to calculate relative metabolite ion intensities
usefulin identifyingpotential biomarkers later of*a Y1 a I (i OK ¢ ddtaieiicesgink i K
further by matching and aligning peak8 All pre-processing stagegppliedon the raw dateare
normallyreported in cetail when the studies are published, so tlather scientists can replicate
those steps again. This has been strongly recommeiadesbroposed minimum requirement

by MSF46

However, even with advanced pprocessing tools being usgtimitations still exist witithe
presence of backgroundoiseor artefact peak®often incorrectly recognised as metabolites.
Metabolite identification algorithms, applied in those programmes, are hard towisgout
special training Recently, a group afcientists in Molecular Parasitology, Glasgow University
has developed a bioanalytita LIN2 ANJ YY S Ol dofmpBisesavdraba@vareced pré K I
processingcomputational programmed, y Of dzRAy 3 aXdMVs !l i @R & aEy Ryd®R Y S
identification seps*’ This wagperformedto improve comprehensive data processing fanth
particularly payig attention to noise filteringcorrect identification of metalplites and data
visualisation.Putative metabolites can biglentified by matching their masses and retention
times to authentic standarsl Retention times of thosauthentic standards araploadedinto

IDEOM before the main processing steps of the sample data. Thertferinal list of putative
metabolitesis producedwith identification confidence levelelated to standardsRetention

times of authentic standa uploaded into the programme help to make a retention time
prediction model, assisting with confidence idemtiion of putative metabolite$*® IDEOM is
designed as an Exae$erfriendly interface, allowing for a rapid data generation without the
need for complicated bioinformatics skill&dditionally, IDEOM provides dual polarity data

merging, targeted analysis and isotope tracking fommalisation®4’
Statistical analysis

Once thepre-processing has been performestatistical analysigan further helpto detect
significanty altered metabolitesbetween distinct biological group$ielping scientists to find
potential biomarkers or major changes in metabolic pathways in certain clicicalitions
Specific choice of statistical analysis methods depends$erdésign and aim of the studsf.
There are usually two main statistical approasinvolved in metabolomics and other omics
studies univariate and multivariate analysisThe wivariate approach assess#ee statistical
significance of eacimetabolitepeak separately, usgntechniques such agést, sum testfalse

discovery rate (FR}*° and analysis of variance (ANOWA)T-test compares the means of two
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groups, for example control vs treatment/disease, calculating p véturesach metaboliteo
determinetheir significance; if the p value is less than 0.05, the null hypotlsegating alack

of statistical significances rejected andnstead accepts that there is significant difference for
particular metabolites between the studied groufs.a largeuntargeted metabolomics study,
with a wide range of detected metaboliteamultiple hypothesistest for a large datast may
cause high false discoveriesjen with a small p value thresholchérefore an FDRorrection

is usually performedn the metabolite datasestraight afterthe t-testto controland prevent a
large total number of false discoverie®? Univariate statistical tests help taeduce a large
number of measured metabolites to only those which shbe strongestresponse under the
investigated conditiondn one study, a twavay ANOVA test investigated medicatimauced
level changes ahdividual metabolites, and has managed to demonstrate several statistically
significant metabolitefrom patients with metastdt diseas&® However, univariate analysis
fails to discriminate betweembiologicalgroupsproperly if there are only minor differences
presentat the single molecule levelMultivariate analysispn the other hand, discriminates
between groups based on changes in singléatule levels, as well as dependency structures

betweenthe individualmolecules!®31%4

Multivariate analysisis usually used to reduce dimensionalifyandom variables)of
metabolomics data and to see sorgeneral trends between groups highly complex datasets

by dealing with multiple variablesather thanone variable as in univariate analysiiltivariate
analysisallows us to identify biologicallyrelevant spectral features and biological class
differences fromthe multivariate dataset® This type of analysis is further categorised into
supervised and unsupervised methode éPrincipal Component AnalysiPCAYechnique
belongs tothe unsupervised category that explains the variance of a dataset by analysing
principal components (veots of metabolite contributions), usually without a knowledge of
metabolite classes or groupstherefore called unsupervisedhe technique focuses more on
differences between samples, rather thaatweengroups PCA is often used as a starting step

in multivarate data analysjsand hasbeen extensively applieth untargeted metabolomics
studieswhere it showed good data visualisation, clustering of sample points and sample group
discrimnation*?1>> One of the developal unsupervised techniqee ANOVAImultaneous
Component Analysis (ASCA), combines ANOVA and PCA methods, and is normally applied in
datasets with complex designs, allowing variation in the datbetairectly related tovarious
design factors This technigue successfully showéte sampé clustering and distribution of
saliva metabolomeén one of the studiesbut the method is still under investigatiof®1>’ A

supervisd technique, such a§ h NJi K sathlelast squarediscriminant §  t @ aA4 ¢ o ht |
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DA),builds onthe PCA model andses the sample group information for classificagomposes

This classification helps to discriminate between sample groups, improlustering and
separation between data groups in the model, helping to identify statistically significant
metabolites!*®However, this approach often misses some low concentration metabolites which
are significantly change@ndwhich can be detected by univariate analydike issue of data
overfitting is also of a major issue in supervised technitfd&q it is very important to choose

the appropriate samples for this type of analysisuman biofluid metabolitestudies normally
involve observation and analysis of several varisiakea time, therefore they beffiéfrom using

a multivariate analysis search of biomarkerg®

Both univariate and multivariate analysigproaches are regularly used in human metabolomics
studies, in particular untargeted, producing highly accurate data with clear observations
between sample groupsThishelpsmetabolomics researcin the search for biomarkerand

metabolic pathwaysssocated with clinical diseases and other tymf perturbation6162

1.4.2 Issues with metabolite data

Despite the advances of efficient IS methodology approachds untargeted metabolic

studies,the majority of metabolomics data are still being affected by the presence of technical,
instrumentational and biological effects®Because of those issues present.i8BMS analysis

AG Aa 02YY2y (12 20&8MBE NI LIEIR] O X I BIRE aNBRFLRY
concentrations, where the peak signal response is not proportional to the metabolite
concentration increase®*1%° Accurate gantification of metabolitesrelies heavily on this

proportional relationshipimportant inboth untargeted andargeted metabolomicsHowever,

it is hard to achieve sudhproportional relationship in every single metabolomics study with all

types of biofluid and tissue samplékherefore, metabolite data prprocesing stepssuch as

peak detection and integratignmay introduce an error in metabodt data, significantly

affectingthe statistical analysis and quality of data.

This can happen due to severahalyticalissuessuch as signal saturation at high anal
concentrationduring ionisation, matrix effects, unwanted-source fragmentation, metabolite
degradhition during sample preparation, all of which contributesatoalytical variatiorbetween
sample replicate$?®16” Matrix effects hugelyinfluence metabolite data the composition of
evaporated sample ithe ionisation chamber othe MS canaffect the ionisation efficiencgf

the sample mdecules and thisin turn,can lead to either ion suppression or enhancemeith
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a huge impact onsignal intensities, as well as précis and coverage of metabolonté16°

Matrix effects commonly happen with all tgp of ionisation, even with ES?.During irsource
fragmentation in MS, metabolitesan break down into more than one ion species, generating
unwanted byproducts of identical mass to common metabolites, complicating metabolite
identification duringthe detection stagée'’! Instrumentational issues include background noise
and analytical drift in retention times, which can be easily resolved with correct solvents, column
YR &F YL S LINBLI NI GA2Yy P ¢KS&S FylrfeagAaldlrt IyR
sources of variability in data, introduced during experimental studies, mainly coming from
human or instrument errorWhen an unwanted analytical variability ocs between sample
replicates, it becomes difficult to quantify metabolite concentrations and identify them
accurately. It is recommended by MSI that QC samples should be analysed repeatedly

throughout the experiment, to evaluate and control analyticaliahaiity. 172173

Biological variation ia separate and more complicated issue to deal withis type of variation
arisesbetween biological sampgeandreplicates(usually in humarand animal models). This
variation is caused bdietary, environmentaland physiological statesand genetic factors
influencing the composition of metabolomé¥.Different biologicalcell sizes, varying sample
measurementsn the experiments(sampleweight, volume) andmost importantly, varying
metabolite concentration leveldn biofluid and tissue sampleall contribute towards the
variation in metabolite dataUrine samplesin particulat showa wide variation in metabolite
concentrations,due to biological homeostasis occurring the human body and chemical
complexity of metabolite breakdown product&.Personal hydration status, large variations in
physiological pH and osmolality, as well as unpredictable dilatfionetabolite concentrations
makesthe urine metabolomevery varied Human and animal tissues (brain, kidney amdr)i
may also introduce huge variability in metabolite datssually because ahultiple step
extraction techniquesausing errors and low reproducibility between sample replicafessue
extracts can also have different totaimbersof metabolites, depading onthe composition of
cells, cell lysis efficiency and cell densgitthin thetissue sampleUnderstanding the causesd
removal of unwanted biological variation posesgaeat challenge in metabolomics research.
This is further complicated byot knowinghow to measureor quantify this type of variatiorin
most clinical metabolomics studiespmplicatiors may arisefrom a combination of biological
and analytical data variati@happening in the same sample, making it difficult to detect the

originof unwanted biological variatn.*"®
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All of the mentionedbstacles couldignificantlyreduce the quality of metaolite quantification
andidentification, particularly in low abundant metaboliteEhe lack of validated quantitative
data and nodinear responses in metabolite peaks affect the true measurement of metabolites,
and hence their biological relevanc&herdore, thereis a need to reducehese obstacles

particularlylargemetabolome data variation, with standardised analytical method.

1.5Normalisation of metabolomics data

1.5.1 Concept of normalisation

To overcomehe analytical, biological and instrumentationalbstaclesmentioned abovethe
metabolomics data cabhe normalised. The purpose of normalisatisrto identify and remove

both the observed and unobsesd factors which trigger notinear response between
metakolite concentration and peak signahtensity, improving data accuracy overdll
Normalisation forms an integral part of metabolomics data analysis nowadithisa variety of

approaches being employeth untargeted and targetd studies'’?17® This includes most

common techniques such asormalisation to creatinine (comonly used for urine
metabolomic3!’®, dosmolality'®> otélion count§ (TIC¥E & Y I & am tétdlI8serdl N1z
aArayl f a# amlthé dsé ¢fsotopically labelled chemical compounas thesource of

internal standard® | f 42 &R oy S AaaG2LIS I 08%0tharyessé o6 { L[
common techniques, which have been used in several metabolomidis,included 6 S 6 SSy

oF GOK aAIPEL dAYIEONDA BE AN BRHEBRBt Yy EBF Ry & G NI E
Y2 NY It A&l Hriethgds Adwesi, hésEmethods were used iaspecific type ostudy

and were not thoroughly investigated in all types of sampdesare notegularlyused Because
researchers want to determine metabolite concentration changgssedonly by biological or

clinical fators (e.g. disease, perturbationyather than non-biological factos, metabolite

normalisation is critical andecessary in l-21S metabolomic48®19°

Normalisation mainly targetsysematic variation in LSS dataas it appears to be the biggest
issuearisingfrom errors in sample preparation, extractiondanther biological fluctuation¥*
The technique detestandreducesthis variation and thus help# improve the linear response
and overall accuracy of datdhe choice of appropriate normalisation technique depends on
experimental desigfuntargeted or targeted study¥tatistical aims of the study arthta beirg

analysed (nature of sampledjor biofluid or tissuesamplesit is very hard to find aerfect
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common compound or methodhat can be recognised as a reference for normalisation and
effectively normalisewide range of metabolites in those sampiesintargeted metabolomics
Metabolite concentrations vary a lot thistype of sample, as mentioned g&r, and the degree

of variation is different from one typef biofluid or tissugo another.Therefore for every study,

a different normalisation approach may bappropriate ¢ for example, normalisation to
creatinine is more suitable for urine metababacs,while MSTUS normalisation can be used for

all types of samples/studigg® 192

Itis also important to decideow to assess normalisation effegnessaccuratelyIn developing

a normalisation method, overall performance is assessed by the ability of the technique to
minimise the variations within the same sample groupfowever, nore complicated
techniques, for examplhoseinvolving internal standards, which are able to remove interfering
variation better than simple strategies, may alsmove part ofthe useful variation and even
increasethe degree of variation in sne metabolites. For this reason, it is important that
normalisation effectiveness is not only monitored through reduction of variability, but also by
measuring the amount of differentially abundant metabolites (increased or decreased after
normalisation).While developinga normalisation method, it is also important to establish
correlation betweena new method and already existing normalisation approaches, making
comparisons of normalised data between those technigagsart of the method validationlt

is assumed that under normal conditions (healthy human samples), normalisation results

obtained from different techniques should have positive correlations with each other.

1.5.2 Pre- and postprocessingdata normalisation

Pre-processing normalisation

The curret normalisation methods used in metabolomics studies can eithéndpre- or post
processing typePre-processingnormalisationoccurs during the sample preparation stage,
before the metabolite data is acquirdry LEMS while postprocessingechniques are applied
after the metabolome data has been acquired, withouteating the sample preparation
stage!® In most pe-processing techniquesolumes of biadgical samplegor metabolite
concentrations)are adjustedaccording to measured quantitied specific internal standa(d).

A suitableinternal standard should show similar behaviour to a measured analytethéor
normalisation processto be effective. e calculated ratios ofmetabolite ion intensities
adjusted tointensities ofinternal standard(s) are usddter in statistical analysjshelping to

reduce unwanted variation in sample metabolite concentratidDse ofthe advantags of pre-
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analysis normigsation is that similar instrumental responses carobserved irall the samples,
becausethe same amount of internal standard is usecevery sampleThis advantage is very
important, especially in EMS analysis where the signal response of individugtabolites in

all the samples is not always uniform at different concentrations. As a result of this
normalisation, the metabolite concentrations to signal response may be more linearly scaled.
This leads to another advantage of improving the overatian@lite information recovery, with
fewer metabolites showing non-linear response. Howeverne of the biggest disadvantages

is that the techniquecannot use every single compound for each metabolite of interest.
Examples opre-analysigechniques includ&ll,. creatininevalue specific gravitynormalisation

to massand Utra Violet (UV)absorbance??

SIL normalisation is perhaps the most coampreprocessing technique that can be used in
different areas of metabolomicaind pharmaceuticalesearchmainly used so far itargeted
studies. In this techniquesatopically labelled internal standardse introduced right at the
beginning of samle preparation orduring metabolite extraction The technique sually
employs stable isotopes, such as carbid@), oxygen'fO), nitrogen ¥N) and deuterium?d) 194
Becausephysicochemicaproperties of isotopically labelled internal standards are similar to
measured analytes, the signal changesised by matrix effects can be effectively calibrated,
improving quantification of endogenous metabolites ¢ a big advantage in targeted
metabolomicsMost targetedstudies showed thatisinganisotopically labelled standardisation
method successflly redwces background noiseand matrix effects, improving metabolite
recovery!® For example, one studysing*C and"N isotopcally labelled internal standardisr
phase 2 druglasmametabolitesin apharmacokinetic studgneasuringglutathione conjugates,
successfully observed an improvaldsolute quantification ofthesemetabolites, compared to
the non-normalised (without intenal standards) state. This normalisation technique helped to
obtain highly accurate pharmacokinetic data of the drugs and better understand their toXfcity.
However, recentSIL normalisatiopublications havelemonstrated that?H labelled internal
standards, for example, failed to demonstrate accurate quantification of metabolite
concentrations, leading to unacceptable matrix effects even in the presgfiaeelled internal
standards'®’ The study suggested théte replacement ofa hydrogen atom witha deuterium
isotope onanl y | f &aleBufe &lightly altered its hydrophilroperties and so affected its
retention time, making it different fronthe unlabelled version of the metabolitethis is also
known aghe isotope effect!®®1%®|sotopes®N and'®O have not been used in metabolomics that

frequently, becase, as mentioned earlier, not all metabolites contain those elements in their
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organic structures. Therefore, in untargeted metabolomics, it would not be convenient to use

them inSlLnormalisation.

Normalisation to creatininalso falls intdhe pre-processingategory andsonly used in urinary
metabolomics, expressing each metabolite level relative to creatinine concemtrti This
normalisation is suitable fdhe urine metabolome, because the rate of excretion of creatinine
through glomerular filtration is relatively constant in human organisms under normal (healthy)
physiological condition¥? Therefore,this techniquehelps to achievenighly accurate results
with reduced variation in L-®S data although SIL normalisatidrasalso showedimilar results

in avariety of studes.Creatinine normalisatiorhowever,is a limited techniqueand cannot be
used forother types of biofluid or tissue samples, showing a clear limitatitso, creatinine
levels may be affected during clinical diseases, especially in renal impairmertdedjsand

therefore would not work aa normalisation technique isuch acase?**

Osmolalitynormalisation is another example ofgaprocessingechniqueonlyapplied in urinary
metabolomics. Osmolality is a direct measure of total urine solute concentratidtherefore

is also a good valid scaling factiorsome studies, it was even demonstrated that application of
osmolality normalisation showed better separation between different biological groups,
compared to creatinine normalisatiofi®2°> Normalisation to creatinine, osmolality and cell
count can all be applied as posprocessing methosl as well. The limiting factor of these
methods being posprocessing is that they are applied afterlS analysis and so theggiorm
poorly for metabolites that do not follow a linear dilution pattemfor example,for low
abundance metabolitewhich can be diluted below limit of detection or for highly concentrated
metabolites exceeding dynamic range of mass spectrometer. Torereghese methods being

pre-processing can perform bett@nd are more commonly than peptrocessing®%203

Normalisation using Uslbsorbance has been appliedarvariety of biofluid samples such as
plasma, urine and even body swesatd salivaln this techigue, each metabolite concentration

is adjusted to the total concentration of solutes which absorb U¥sgecific wavelength. This
way, the technique is more representative of overall sample composition, compared to the use
of a single internal standarslch asreatinine. One study demonstrated that this method was
preferred over creatinine normalisation in urine metabolomécsl expressed highly accurate
results However, the biggest limitation to this normalisatitechniqueis that it requiresanLG

UV instrument, rather tharan LCMS, anahis is avery expensivénstrumentto usesimplyto

improvedataaccuracy®*
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Pod-processing normalisation

In post-processingiormalisation, the samples are not experimentally normalised and therefore
do not require additionatime-consumingsteps during extraction and sample preparation,
showing a clear advantage ov#re pre-procesing method. This is especially important to
consider when a large number of samples are analysed. Howeverpastprocessing
normalisation does not involve internal standards,individual metabolite signals are adjusted
based on a certain critevn or common denominatomot necessarily closely related to specific
metabolites Therefore the analyte signals may be less lingascaled with metabolite
concentratiors in complex biological studies, showloger data accuracy than prprocessing
techniques Common examples of peptocessing techniques aMSTUS, TI@prmalisation to
osmolality. OSft O2dzyli IyR¥AaYSRAlLY F2fR OKIy3Sé

TheMSTUS technique uses the sum of all peak height intensities of metabolites within a sample
chromatogram as a common denominator, calculating ratios kwhice used in statistical
analysis. This technique is similar to TIC normalisation where all mass spectra are divided by
their TIC, assuming that there are comparable numbers of signals present in each spectrum for
datasets, and all spectra in a datasevathe same integrated area. However, when comparing
widely different tissue or cell types, they may express different ion distributions due to their

heterogeneity, so TIC and MSTUS may not beogsjate normalisationin such case¥°182

As is the case with creatinine normalisationrmalisation to osmolality is only common in urine
metabolomics, because urine osmolalifg a direct measure of total urinary solute

conentrations?® Osmolality also provides a true physiological measure of urinary metabolite

concentration. But, asiith creatininenormalisatioz G KA & (SOKY A ljtHaSifisi RA & | R

limited to urine metabolomics, and durimgnal disease dmpairment, osmolality can be hugely
affected. Also, this type of normalisation requires a special clinical instrum@nneasure

osmolality that is not easily available.

It is clear that posprocessing normalisation has more limitations than advantaghsn
compared to preprocessing normalisationHowever, there are circumstances when pre
processing normalisation might not be suitable for a particular set of samples too is

expensive.
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1.5.3 Comparison of normalisation techniques

So far, it is clear that the decisi@s to which is the moguitable normalisation technique in
LGMS metabolomics is based upon several factors: type and number of biological samples
(biofluid, tissue), normalisation accuracy, cost, convenience (timmeswing or not),and
availability of specific instruments or conditionBable1.1 summariseshe advantages and
disadvantagesof common pre and postprocessing methodswith a focus on instrument

availability, time and convenience to perform measuremastwell as the method validity.

From the general comparison in table 1.1, it can be seen that SIL normalisation technigue using
isotopically labelled internal standards has major advantages when compared to other
methods. It helps to produce higher qugldata by assigning individual metabolites to specific
internal standards, which are the same metabolites but isotopically labelled and have similar
physicochemical properties. It has been proven by a variety of untargeted and targeted
metabolomics studig that using isotopically labelled compounds for normalising data reduces
variations between analytical and biological replicates, improving accuracy and precision for the
analysis of small and large metabolites. The SIL normalisation technique is ned limia
particular type of sample, but can be used with every type of biofluid and tissue. It does not
require any additional instruments such as UV, freémeer or osmometer (for osmolality
measurements), making the sample preparation method easier. fhkraly, as it is a pre
processing normalisation method, it helps to correct for sample preparation variations

introduced during the extraction steps and compensates for variability in MS detéétion.

Normalisation Pre or post Advantages Disadvantages Suitable
technique processing type sample type
Creatinine Preprocessing | - Constantlevels during - Limited to urine Urine
Postprocessing | normal conditions metabolomicsonly
- Relatively inexpensive | - Creatinine levels may not
- Quick and easy to be constant during
perform perturbations/renal
impairment
Cell count Preprocessing | - Accurate technique - Larger variations Tissues
Postprocessing | - Direct measure of cell | observed, especially with
numbers small cell numbers
MSTUS Postprocessing | - More universally - Not entirely accurate as it| All types
applicable R2 S & vy &specifizd S
- Easy to make internal standard for each
calculations metabolite
- Contribution from
artefacts and xenobiotics
is minimised
Normalisation | Preprocessing | - Samples are adjusted tg - Extradion volumes are not| Tissues
to mass Postprocessing | the same mass the same foreach sample,
(weight) concentration to reduce | so may have effect on
matrix effects extraction recovery
- Time consuming process
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Osmolality Preprocessing | - Provides closest - Limited to urine Urine
Postprocessing | measure to physiology of| metabolomics
urinary concentration - Requires specific
instrument
SIL (isotopes) | Preprocessing | - Normalisation of - Cannot cover a wide rang( All types
individual metabolite to | of metabolites(availability
specific internal standard| limited)
(higher accuracy - Expensive to purchase
obtained individually labelled
- Internal standards standards for us&vith each
having similar metabolite
physicochemical - Some isotopes
properties as analyte (deuterium) might express
metabolites isotope effect
- Easy ¢ purchase
(especially+3C)
TIC Postprocessing | - More universally - Not entirely accurate as it| All types
applicable R2 S a y &specifiea S
- Easy to make internal standard for each
calculations metabolite
- Involves all sorts of signal
includingthosefrom
artefactsand xenobiotics
UV absorbance| Preprocessing | - High accuracy - Requires expensive LD/ | All types
measurement instrument
- Low sample - Accuracy may be reduced
consumption in disease state
Table 1.1 Advantages and disadvantages of variousapgepostprocessing normalisation
techniques applied to biofluid and tissue samples

The nostcommon isotope used in SIL normalisation is usti#llysincehe majority ofanalysed
metabolitescontain carbon atoms in their structure. So, a wide range of metabolites can be
normalised using this isotope in comparison to other isotopes suéN as'®0. The**C isotope

is found to be more abundant and stable théh as’H can be easily vaporised in the ionisation
chamber of the mass spectrometer. In contraét,would be preferred over th&C isotope in
NMR based metabolomics due to sensitivitguiss. Unlike deuteriumi*C labelled internal
standards do not cause the isotope effect when their carbon atoms are replaced with isotope

on the molecular structuré®

1.5.4 13C normalisation approachnd current limitations

During®C normalisationsingle or multiple internal standards can be used, whhlatter type
usually favouredUsing a singlé®C labelled metabolitstandard to normalise each metabolite
peak makes the technique very limited and assumes that all compounds expetiensame
varation as the internal standard, which is not an accurate assumpitiogome respects, it is

similar to a creatinin@ormalisation, where every metaboli®éoncentration islependenton
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one standard.A sngle standard cannot sufficiently represent sge analytical features or
discriminations for albf the analytest® The decisiorto usemultiple standards, on the other
hand, may be a more reasonable choitieey are applied to analytes which elute within a
specified retention time window® Preferably each internal standard should be assigned to
normalise its unlabelled pair (analyte metabolite peakyr examplea *C ldbelled amino acid
L-alanine would normalise unlabelledalanine.The aalyte of interest and its labelled internal
standard are affected by the same analytical conditions during sample preparation, extraction
and analysis, so the ratios between them shbuiot be influenced by any analytical
discriminations or bya certain type of metabolite classe.g, lipophilic or hydrophilic
compoundst®When the exact internal standard could not be foundd@articular metabolite,
adifferent internal standard with similar chemical properties, suckthassame retention time,
couR 0S dzASR AyadaSIKR -8 HA a2 @2 dzf/ R Nawéverftishddiyd Ry a © 2
present a pogential issue¢ retention time does not fully reflect all matrix and chemical
properties ofa metabolite, and it might not be very accurate to use one internal standard on
several metabolites which happen to -etute with the same retention timé>* In some
untargeted and targeted metabolomics studies, apply#ig isotopically labelled internal
standards, even celuted ones, has shown an accurate normalisation segtiction indata
variation for most ofthe metabolites throudp statistical analysi¥®2%628 Other studies
SELINB&aaSR 02y OSNY ¢ ASiKdziNRZ I NIRYAG SN/ | Hza Ayid Yy R OR.
normalisation, for the reasons mentioned earlier, ahdve demonstrated other ways of
normalising metabolites which could not be rohéd with their labelled versiorgsone method

was to normalise them by their own unlabelled versions from quality control (QCs) samples,
while other study normaliseduch metabolites by the sum of all internal standards in the
samples. Both techniques slwved some progress but had their own limitations and potential

inaccuracy of normalising dat&®

Normalisation calculations and assessment

This type of normalisationsuallyinvolves ckulating the ratios between peak areas or height

intensities of unlabelled metabolites of interest and th&€ labelled internal standard®.
Thesecalculated ratios are referred to as normalised data, which are later used in univariate

and multivariate statistical analysis for obtaining highly accurate data. The ratios walyus

calculated by simple division of labelled by unlabelled peak areas or intensities for each
metabolite ¢3C/%C). To assess the normalisation technique, two methods are normally used:
GNBfFGAGS adl yRFNR RSGALI (A 2 fisticakamalysssia FICA ¥nd)k NR & 2

OPL®A plots. Normalised ratios are calculated for every metabolite in each
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analytical/biological replicate and then are expressed as percentage RSD values. They are then
compared topercentageRSDs of unlabelled metabolitety see if there is a significant
improvement or nott”® If metabolites are found to be normalised successfully, their
normalisedpercentageRSD would be significantly reduced compared to unlabpkedentage
RSDs, showing the reduction in intedividual sample variation. However, an increase in
percentageRSD would indicate unsuccessful normalisation, where eithewtbag *C peak
hadbeen used or theravere no *C peaks which could be used to normatise metabolite g
S@Sy-S @2 S R alcubgdradtidzared also uploaded inta multivariate programme to
produce PCA and ORDS. plots for further normalisation assessment, looking at the degree of
separation between data groups and the cluster effect of replicate points. Successful
normalisation would indicatea large degree of sepation between the groups and tight

clusteiing between replicate point$®
Limitations of the techniqueand a possiblesolution

Despite the regular use dfC labelled internal standards in normalising metabolite data,
research scientists still face issues such as matrix effects and ion suppression problems. In one
study, a slight change in retention time of certain metdites such ascarvedilolwas noticed

after usinga *C labelled standard, affecting the calculated ratio between labelled and
unlabelled carvedilol and causing inaccur&fyOther studies demonstrated that internal
standard had an effect on analyte structure and concentratiorgnd flow rate in
chromatography, all of which could cause ion suppression. Howevem#ieadvantags of

using®*C internal standardeismentioned earlier, outweigh theelimitations.

It has beemoticed that in untargeted metabolomicgvhere a wide range of metabolites are
detected, it is hard to achieve this sort of normalisatioor fall the analysed metabolites.
Regrettably, it is difficult tobtain isotopicallyabelled standards for individlienetabolites, as
BClabelled compoundare very expensive to purchase, as well agingdifficult to synthesise
a wide range of labelled standards for each metabolite due to chemical diverbityefore,
currently there is reduced availability of canercially available isotope€°To addresshese
issues,isotopically labelled microorganisitould be applied instead assmurce of internal
standards, becaus¢hey contain a wide range of polar and ngolar metabolites; this makes
them potential internal standard$?*?°®Bacteria fungiand yeasbrganismsfor exampleare
found to havea similarmetabolometo human bioflui andtissue$'*2*4, makingthem a very

effective biological source to label a wide range of metabsin the samples of interest. Using
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a uniformly (U) labelled microorganism in untargeted metabolomics can lsnaple, cheap

and effective method.

Several bacterial cells such Escherichia Co(E. colj*®® and Spirulind®, fungi Fusarium
graminearunm®* and yeastPichiapastori€!® have already beemsed as sources dfJ)-*°C
labelled internal standardén untargeted studies, focusing omeducing data variation and
improving accurate quantification of intracellular metabolitesin plants, wheat or
parasitest®®216217|n all of these studies, the microorganism was grown in (fC labelled
glucose limited culture media, in order to generate succelsfaibelled extractsThe quality
of the normalisation method in each study was assessedabyabsolute quantification
technique, calculating the rats between the unlabelled (J3C and labelled (J¥Cpeaks, and
constructing calibration curves to measure absolute concentrations of metabolitasse
studies managedo show excellent results witla large rumber of identified metabolites
showing reduced variability between replicatesand accurately measured absolute
concentrations'®1**However, these untargeted studies were not useth clinical human or
animal samplesScientists identified thatinsufficient research has begrerformedwith (U)-
13C labelled microorganisms fonormalisation in uatargeted human and mammalian
metabolomicsthusopening an opportunity for further researcf))-**C normalisation alsibas
along history in targeted metabolomi€€2*S flux studie$?® and in vivo metabolic studié?,

all of which were involved with human, animal and other ty@é living organisms.

When it comes to choosing the most suitable microorgarasma source of internal standards,

it is important to choose the one that héise closest resemblance thhe mammalian(human)
metabolome. Comparingmetabolomes ofdifferent microorganisns (bacterig e.g, E. coli
yeast e.g, Saccharomyces cerevisjdengi, e.g, Aspergillus geny§3214222tg the human
metabolome (HMDB®? using the published research approved database® can see that
yeastSacharomyces cerevisiand bacteriumE. colihavelarge metabolomes very similar to
human making them potential candidates for a source of internal standards. Both organisms
are easy to grow in laboratory conditions, with yeastturesusuallygrowing faser and to a
higher densityYeast and human organisms are both eukaryotic, while bacesiarokaryotic.
However,to date, more *C normalisationstudies have been performed usirgacterial
organisms as source of internal standards, as opposed to ye@his suggests that bacterial
organisnsmight work very well in untargeted normalisation of mammalian samples, so should

be tried first, beforgesting yeast organism
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More investigations need to be done with regard @d)-*3C normalisationin untargeted
mammalian (human, animametabolomicsThis will benefit research by showing that a wide
range of metabolites in mammalian samples can be normalised by a highly accurate method
involving 13C isotope standardisation. Reducing data variabititgdncentrations of a wide
range of metabolites in humasnd mammaliarsamples as well as reducing associated matrix
effects,can help scientists to improve data accuracy in large clinical roftatics studiesThis

will help metabolomics research in fiimgj potentialbiomarkersand metabolic pathwaysn

clinical diseases with highly accurate identification.

1.6 General aims and objectives of the thesis

So far, very limited research has been done in mammalian untargeted metabolonsiearch
of potential lomarkers, where any type of nmalisation methodncluding SIL techniqueas
involved in ordetto help improve the data accuradyletabolome dita accuracy in this context
can be defined aa clear identification of metabolites, accurate quantification aaduction in

data variability between analytical sample replicates.

The main issue for that is the struggle to normalise such a wide range of polar ambiaon
metabolites, usually found in mammalian samplbg, using highly accurate method. Some
methods including MSTUS, H&ve been applied in the past untargeted studies but mainly

in environmental, toxicological and pharmaceutieaperiments, as mentioned earlieFhe use

of 13C normalisation and espetliathe use of bacteria in the method has not begwpliedin
detailin mammalian studieshe main focus of current metabolomics normalisation research is
to come up with an accurate method, which would help to normalise most of metabolites in the
samplesimproving data accuracy significantly. This gap in research has been addressed before
in mammalian untargeted studid®y usingseverahormalisation techniquesuch as MSTUS and
TIG howeverit did not demonstrate a good reduction in data variabilifC normalisation has
never been used befori@ untargeted mammalian studietherefore it is a clear opportunity for
metabolomics research to apply this method now. Targeted metabolomics u$iDg
normalisation has already shown a good progress in impralatey accuracyput only in specific

metabolites, not a wide range

This thesis, for the first time, presents potential LEMS based method, applyinf)-*C
isotopically labelled bacterial organism as a source of internal standard®rmalisehuman

andanimal samples in untargeted metabolomits this thesisthe detailed experimental work
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will demonstrate how this method has been developed using an appropriate bacterial organism
labelled with'*3C isotope vdidated using mammalian samplasd appliedn clinical untargeted

studies to improve metabolite data accuraayd toanswer the clinical questioof the studies.

Chapter two will describe the method used to deve{t)-*°C labelled bacterial extraandthe
LGMS analytical methodt will compare two bacterial organisnts, colend Spirulina in terms
of their metalmlome, extraction optimisation and qualjtio determine the suitable source for
normalisation. The chosen organism will be uniformly labelled Withisotope and tesd for
isotopic labelling purityThe LGMS analyttal method will also beptimised foran efficient

analytical run of samples.

Chapter three will focus on applying the proposed normalisation method on human brain, urine
and mouseplasma samples, in ord¢o observe the reduction in statistical variation between
biological and analytical repliced through statistical testg percentageRSD comparison,

univariate and multivariate analysisand to fully validate the proposed method.

Chapters four and fiveill focus orthe application of a validated normalisation method on fully

clinical biofluid and tissue based sampl@sproving the accuracy of metabolome data and

helping to search for potential biomarkers and metabolic pathwayse clinical conditions

WKAOK gAff 0SS dza SRfounMilyt a RABBNERSaa( b £iKd). LIOSNDS T
Chapter sixwill make the final conclusions on the effectiveness of the proposed method in

clinical metabolomics, evaluating the advantages and disadvantagesell as suggesting the

future path for the method.
Saq to summarise, the main specifiesearchaims of this work ar¢he following

1. To develop a novel @S based method fanetabolite profiling omammaliarbiofluid
and tissue based samples usingrilimalisation approach
1 To develop dU)-°C labelledbacterial organisnas asource of internastandards by
choosing an appropriatéacterial organism, extraction and labelling parameters
(chapter two)
1 Toapply andvalidate the normalisation method withhsmall number afnammalian

samplego observe the effect of the methofthapter three)

2. To apply the validated normalisation method in clinical mammalian samples in search
of potential biomarkers and metabolic pathwayshapters four and five)For each

clinical chapter:
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1 To incorporate the W3C labelled bacterial extract in animal and human
biofluid/tissue samples, run E@S analysis and normalisation

1 To identify key statistically significant metalbe$ between control and intervention
groupsfrom highly accurate data

1 To identify which metabolic pathways were affected during the intervention

In figure 1.3 a schematic workflow diagram shows a typical untargeted metabolomics study

used in identification of putative metabolites and potential biomarkers.

l!?) Cells

Sample l el |

Biological question, Experimental design (number preparation
thinking about study aims and type of samples) and extraction

[ e
: —)—'I‘-‘-‘ —
" : ik
SES— | . e
_____ oy >t
LD,
i i
3 Sample analysts with analytical instrument
Identification of metabolites and Data acquisttion, pre-processing
biological interpretation and statistical analysis

Figure 1.3 Typical untargeted metabolomics workflow in identification of putative metabd
and potential biomarkers (general schematic diagram)
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Chapter Two

LGCMS method developmenbf
uniformly-*Glabelled organism
extract as asource ofinternal
standards for normalisation
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2.1 Introduction

2.1.1 Bacterial growth parameters

As proposed in chapter one, a good quality bacterial extract can act as a potential source of a
wide range of U3C labelled metabolites (internal standards), havingsimilar central
metabolome to those normally found in human body fluids and tis$ei8*Bacterial extracts
acting as isotopically labdet sources of internal standards, have previously been involved in
metabolomics and rel&d scientific disciplingsnainly normalising daten targeted studies by
improving metabolite quantifcation and accurately calculatingetabolite fluxes#1%019|n
several studies, bacterial organisms such aEscherichia Coli (E. c8) Spirulind?,
Trypanasomabrucei(T. brucef?® have beernshown to growwith certainisotope (*3C in most
cases) and used laterwariety of biochemical, environmental and metabolonmicsmalisation
experiments.The novelty in this thesishowever,is an application ofa similarly developed
isotopicallylabelled bacterial extractor the first time in mammalian body fluid and tissue
samples, as a means to normalise thaitabolome inclinicaluntargeted sudies, foraccurate
determination ofpotential biomarkersor statistically significant metabolites between control

and disease statess stated inltapter one.

In order to produce such a high quality source, several considerations need to be taken into
account. Th first step is to choose the appropriate bacterium that has clear advantages over
other bacterial microorganisms, such as having more metabolites in common with human
biofluids or tissuesand costeffective growth and extretion parameters. Once an appate
bacterium is chosen, the next step would be to grow and label it wifiCasource covering a
wide range of metabolites, assess the quality of extract produced and its stability htelong
storage conditions. Already some of the research has pegiormed in this area, where variety

of bacterial extracts were designed for different metabolomics purposes and these
considerations had to be taken into accodft?®® These considerations will ensure the
production of an excellent source of internahstlards for normalis&n. Appropriatebacterial
growth conditions achieving high density culturssitablecosteffective extraction technique,
excellent extract spectrum quality and a large number of detected metabolites in common with
the human metabolome, are all importaractors when selecting the right bacterium as a

source of internal standards for this project.

Suitablegrowing conditions involve culturing bacteria in the right medium with appropriate
nutrients, pH, temperature and length of incubatiéii.Particular types of bacterial culture

methods already exist in microbiology and are usually cdetke based on the agent being
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cultured?3! Broth liquid cultures such as Lysogeny Broth (LB), Terrific Broth (TB), Trypticase Soy
Broth (TSB) and 2x YT medium are commonly used to grow and cultivate a vafsstiyesfchia

coli (E coli) strains, Spirulina StreptobacillusStaphylococcuand other common bacteri&?
Therefore, it is important from the beginning to choose the appropriate medium for bacteria to
multiply and reproduce efficiently, as each medium contains its own essential macronutrients
including carbon, phosphates, nitrogen and organic aétdsB medium, for example, is widely
used in microbiology research, as it allows bacteria suéh asl{wide range of strains) to grow

fast and in large amounts in laboratory conditions up to a cell density of 1g/&tdis is a

great advantageover other broth liquid cultures which do not show fast growth of large
amounts of bacteria. Another advantage of LB is that it is readily available and can be directly
purchased from the suppliers, although sometimes, the chemical nature of certain LB
components (tryptone, peptides) is hard to control leading to wide variations of LB media from
batch to batch?®523¢ For instance components such as riboflavin and reducing sugars can
generate reactive oxygen species which can hugely decrease the stability of other medium
components. However, this issue has been addressed by the addition of catalase, pyruvate and
alphaketoglutaricacid components to LB medium, which suppress reactive oxygen species,
thus enhancing the survival rate of bacterial growth. These agents also reduce precipitation
issues which might arise during bacterial incuba&trOther methods of bacterial culturing
include the use of agar plates and stab cultures, which may be used for bacteria grown at lower
or human body 37°C) temperatures but these techniques are used for limited bacterial range
and for shoriterm storage? It is also important to set up the right pH for aagl bacterial
growth, depending on the species, with the majority of bacterial organisms growing well around
pH 6.5 to 7.0. The chosen culture medium for bacterial growth is usually set at a specific pH that
is optimal for good growth. For instande, calgrows best around pH 7 and can even grow in
acidc conditions, so LB is an appropriadture medium for its growth where the pH can be
easily adjusted®?4° Spirulina on the other hand, requires relatively high pH values between
9.510 9.8, and therefore a differenttuli dzZNBS Y SRA dzY ¢2dzZ R 06S | LILIX A Ol o
medium (SM) consists of phosphate, sodium bicarbonate and ammonium nitrate, all of which

would help to increase the pH to the optimal value Spirulina?t-242

Temperature control during bacterial incubation is also an important parameter, which is
chosen depending on the type of bacteria, with some reqgiriow optimal temperatures
(ranging from-20°C to +10°C), moderate temperatures (+20°C to +45°C) and others requiring
higher (above 45°CjJ2Most bacteria used in laboratories, suchiscoli, Spirulina, Salmonella

and Bacillussubtilis are found to adapt to moderate temperatures and are also known as
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G Y S & 2 LIK ’he dquitedtemperature, carbon dioxide and oxygen levels are normally kept
constant in the incubator throughout bacterial gronttt.The length of incubation, however, is
controlled by the user and bacteria can be removed from thesbator at any time. It is
important to note that exposing bacteria to oxygen and carbon dioxide for a long period of time
e.g. 48 hours, can have a significant inhibiting effect on their growthqa@bon dioxide is
believed to inhibit enzymatic reactis necessary for growtff?4’ while oxygen may react
negatively wih anaerobic bacteriad. coljStaphylococcugenus Spiruling causing an organism

to die2*® Therefore, controlling the incubation period of bacteria is of a great importance to

avoid a large amount of gases interacting with their growth.

To assess the successful growth of bacteria, several methods are usually employed in
microbiologyg plate cownts that involve counting the number of actively growing bacterial cells
in a sample ¥, flow cytometry analysi® radiometry®!, determination of biomass
concentration by dry weight techniqd®, as well as measuring optical density (OD) values to
follow bacterial population growth in real tin#& Methods such as plate counting and dry
weight biomass determination are found to be tirmensumihg and not as accurate as other
techniques. Calculating bacterial OD can give an estimate of the concentration of bacterial cells
grown in a culture solution over a period of time, and perhaps is one of the best tools to monitor
the bacterial growthOD measurements are performed under an assumption that OD value is
proportional to the bacterial cell numbér? OD vales are usually taken after the completion

of the bacterial incubation stage but can also be taken at any time pitnowing the
concentration from the OD reading can determine the stage of the final cultured bacteria i.e.
whether a bacterium is still adapting to growth conditions (lag phase), ggwaind dividing
(exponential phase) or has reached its maximum growing point (stationary pl#a&€When

a bacterium reahes the stationary phase, the rate of cell growth starts to match the rate of cell
death, and it is important at this point to remove the culture from the incubator or stop any
further growing process, to prevent the death phase. The decline in bactailal usually
happens due to growth limiting factors such as depletion of essential nutrients or inhibitory
products affecting the growth rat&’ From previous studies;. coliis expected to grow to an
optical density of 1 up to maximum value of 7 at 600nm, where the growth rate reaches
saturation?®® For Spirulina on the other hand, an optical density can reach up to a value of 30
before reaching saturation (stationary phase), as shown in one gtdie growing process is
schematically shown in figure 2.Biosafety precautions when dealing with a variety of
pathogenic and noipathogenic bacteria should always be considered wtigmosing to work

with particular bacteria. Level one bacteria suclitasolj Spirulinaand Bacillus subtiliare non
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pathogenic and commonly used in microbiological laboratciiéBacterial organisms such as
Staphylococcus aureus, Salmonella, Mycobacterium tubercudekisg to higher biosafety
levels fwogthree), and so are restricted to certain laboratory personnel with permission to

access those pathogenic bactefta.

Stationary phase

W 7
i) :
wy
E AN
— ' .;3:5
= '
5 | %
o ; %
S i <
5 i %,
[ ! Y
2 | e
= !
S .
Z Lag phase !

: i

. Time (hours)

Inoculation

Figure 2.1 Bacterial growth curve over a period of time during incubation of any bag

2.1.2 Bacterial extraction and isotopéabelling

Depending orbacterial species, a variety of extraction methods exist to obtain polarpodar

(lipid) and protein compounds. These techniques involve similar extraction solvents, as
discussed in chapter onec usually methanol/ethanol for polar metabolites and
isoprgpanol/chloroform for lipid fractiong®22%3 For obtaining intracellular bacterial
metabolites, the additional extraction steps may involve the use of liquid nitrogen or heating
baths to help initiate cell wall lyssr peptidoglycan destruction (in outer membrane), thus
assisting with extraction of intracellular metabolit€éOther extraction techniques may involve

the use of filtration systems such as pesiee presterilised filter paper to separate bacterial
cells from medium, or the use of glass beads and homogeniser to lyse the cells more
efficiently 2°Quenching methods are hugely involved in bacterial extractions nowadays, as they
rapidly cool the temperature of culture media, usually usingdakel methanol. These methods

are applied to bacterial cells in order to release intracellular metabolites and iagetiv
enzymatic reaction$®® Different bacterial cell types (grapositive and-negative) have
different cell wall compositions, and therefore the amount of leaked intracellular metabolites
caused by various quehing methods can differ between organisms, so specific methods exist

for each bacteriunt!® In some instances, the released intracellular metabolites may start to
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interact with the extracellular environment or can be diluted by medium, so metabolite
detection by analytical instruments can be affected. Therefore, it is important to note that any

of the mentioned extraction and quenching techniques can be destructive toctivalebacterial
metabolome, so the techniques need to be carefully optimised for a particular bacterium. The
process of bacterial cell wall lysis and the release of intracellular metabolites is shown in figure

2.2. ForE. colibacterium it was found thathte best extraction approaches were to either use

ice-cold £40°C) methanol followed by a freettgaw cycle (liquid nitrogen, thawing on ice and

rapid mixing), or apply hot ethanol with vacuum centrifugation. Cold methanol can permeabilise

the bacterial cdlwall for metabolites access, as well as rapidly quenching enzymatic changes in
metabolites?®’ Extractions using strong acids or alkali (NaOH or KOH), on the other hand,
indicated low extraction performance resulting in destruction of importantabelites?® In

one E. colistudy, various extraction methods were compared to find the most suitable
technique toextract the largest number of metabolites. Extraction with ce#f{C) methanol

has shown to generate a good quality bacterial extract, showing high resolution for more than

95 metabolites after chromatographic analysis, while other extraction technifueading

acidic and alkaline treatment generated poorer quality of extf&tSpirulinabacteria are

normally extracted using@ 2 f Sy G SEGNI OGA2y (GSOKyAljdzS 6SGKI )y
FftdZAR SEGNI OlA2yé 6AGK OFNb2Yy RAZ2EARS FyR SiGK
advantages over other methods as it was easier and faster than the solvent extractiomee

for isolating compound&'*27°

e i 5% Detergent

Intracellular organelles
containing metabolites
Gram-positive or
Gram-negative
bacteria

111111111111111111

Gram-positive Gram-negative
cell wall cell wall

Figure 2.2 Bacterial cell wall lysis and the release of intracellular metabolites during extracti
and quenching techniques (detergent referred to in this image is extraction/quenching solve
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When it comes td*Clabelling of a bacterium, it is important to introduéC isotopes at the
beginning of bacterial growth, as part of an ingredient in the medium, so that isotopes would
be fully incorporated in the formed bacterial metabolit€$22As described in chapter one, so

far, isotopically labelled baetia have been used in quantitative studies to accurately measure
the concentration of certain metabolites, where the extracts were successfully labelled with
isotopes. In one study, uniformly®Clabelled E. coliextract was used for large scale
quantification of metabolite levels in human Africamypanosoma bruceipecie$®®, whereas
another study involved®*GlabelledSpirulinato quantify intracellular metabolites i@lostridium
autoethanogenunspeciest® In order to incorporateé>C isotopes into a bacterial metabolome,

the right medium has to be chosen. In the case of grovéngoliwith 3C isotopically labelled
glucose, for example, it has been shown through several studies that an M9 minimal medium is
the most suitable one for generating a wide range of labelled metabolites, having a limited
amount of *2C isotopes in its ingredients. This medium is usually chosen to avoid a huge
incorporation of'?C isotopes and to ensure that the majority of metabolitesuld be labelled

with °C isotope insteadf®?”® However, the growth rate foE. coli in minimal medium is
generally slower compared to other media. Growing bacterial cell mass first on unlabelled rich
media, such as LB, allows rapid growth of bacteria achieving a higher OD. Following growth in
unlabelled medium, bacterial cells canethbe exchanged into isotopically defined minimal
media for isotopic incorporatio’* This procedure using two media (unlabelled, followed by
BGlabelled) has been successfully demonstrated in a study of labelling recombinant proteins
with 13C isotope, achieving a higher yield of labelled proteins (thrdgfmmpared to the yield
when only M9 minimal medium has been employétlherefore, to ensure a good growth rate

for bacteria with high OD and a wide range of metabolites isotopically labelled, using both

unlabelled (LB) and minimiglotopically labelled media together could be the right step.

2.1.3 Justification of the method development study

The overall aim of this chapter was to develop arMEbased method using high quality- @
labelled bacterial extract for further normalisation studies presented later in this thesis. Two
bacterial species have been chosen for comparative analysis to determine the best dxtract:
coli MG1655and lyophilisedSpirulina Both of these bacteriadrganisms were chosen for a
variety of reasons: their regular use in microbiology research and related scientific disciplines;

their non-pathogenic profile (biosafety level 1); quick availability in laboratories or easy to
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purchase and grow; and both wemaiccessfully labelled withC isotopes before, showing

promising resultg8%:1%°

E. coliand Spirulinahave been consistently analysed in metabolomics studies, for medical and
pharmaceutical research, over several yeAf$!” Variety of E. coli strains have been
investigated to design antibioti€s, treatment interventions and understand the pathogenesis

of the bacteria2’® Spirulina has been used in clinical practice for a long time, with multiple
studies showing its efficacy in treating several diseases and shown to have anticancer, antiviral
and antiallergic effectd’*261 As mentioned previously in chapter one, both bacteria have been
used in metabolomics, particularly for normalisation studies, proving a unifori@lyabelled
extracts. These studies have demonstrated the effectiveness of normalisation and the

usefulnesof bacterial891%

E. colibacteria will be grown imicrobiological conditions using already established protocol
with chosen optimised growing conditions mentioned above: in LB medium first, followed by
M9 minimal medium over the period of 17 hours at 37°C to reach an OD of 1.0 or &b&¥e.
Spirulinabacteria will be purchased directly from a manufacturer, ds @n easier and faster
process to obtain readily available bacteria than growing it in the laboratory. Bé@labelling

will take place, both bacteria will be analysed in an unlabelled environment (witQut
isotope), to decide which bacterium colube labelled lateg to prevent expensive unnecessary

experiments. Details d&. coligrowth is described fully in the Methods section.

As described earlier, these bacteria will require specific extraction and quenching methods,
some of which will be testd and optimised to develop high quality extracts with large numbers
of detected metabolites. Techniques will involve the use of liquid nitroger;atak methanol

or acetonitrile solvents for polar metabolite extraction, centrifugation, vacuum centrifagat

and hot water baths to aid bacterial cell wall lysis and release of intracellular metabolites, all of
which are mentioned above and applicable fér cof®® and Spirulina®®® Details of those

procedures are described in the Methods section.

In addition to bacterial labelled extract development, theME analytical method has also
been optimised in this lapter. Two L@BAS methodologies with differengradient elution
programmes (18 and 24 minutes running time) were compared to each other to determine the
best optimum method for use in future experiments, in order to obtain a strong peak signal
response andletection of a wide range of metabolites. Both proposed methods are similar in
mobile phase composition, column chromatography, MS conditions and type of gradient, and

have been previously used in metabolomics analysis in several stftigOverall analytical
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running timeand percentage of mobile phase composition will be different in the two proposed

methods. Details are described in the Methods section.

2.1.4 Aims and objectives

The following aims and objectives describe what has to be done to develop such a method:

1. Choosehe appropriate bacteria for igopic labelling

1 Grow unlabellecE. colbacteria using the established protocol

1 Optimise the extraction parameters f&. colbacteria and perform L®IS analysis

1 Optimise the extraction parameters f@pirulinabacteria aml perform LE@MS analysis

| Observe the spectra quality of both bacteria. Perform data processing using IDEOM
1 Compare the detected metabolomes of both bacteria with the HMDB to determine the
appropriate bacterium

2. Generate*Glabelled bacteria extract

1 Growthe chosen bacteria with th€Clabelled source (glucose), extract it with chosen

optimised parameters and perform {MIS analysis (repeating steps in Aim 1, above)

1 Test the quality of labelled extract by measuring the amount of labelled metabolites
3. Devdop an efficient coseffective L&MS method with optimised conditions
1 Compare two analytical @S methods with different flow gradients and total running

times (18 vs 24 minute methods) by running standard group mixtures of known metabolites,

and observehe quality of spectra and number of detected metabolites

1 Run a chosen (unlabelled) bacterial extract with the choseiM&0Gnethod to fully
validate it
4, Generate a series of*Glabelled extracts and observe their quality consistency

(performed throughouthe PhD project).
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2.2 Materials and Methods

2.2.1 Materials, chemicals and sample preparation

Materials and chemicals

Mobile phase alvents used for this study (to wash-pElilic columnpeedle and other LC parts)

were 20mMof ammonium arbonate inpurified water(A) andHPL&rade acetonitrilgB), both

LJdzND K a SR -F NRNA QK & I0bents Liskd/far kextriction of bacteria were
YSGUKIy2ts | OSHPRRARNOKE & WBYRABYYAEGdNBE 2F | O0Siz2
water (AMW, 2:2:1 ratio) prepared in the laboratoryPositive and negativtMS calibration

solutonsd / | £t YAEE¢ OYAEGdzZNBa 27F 3t & OAhgv® Beerprép&édA O | OA |
by analytical group in the laboratory amstiored ina -20°C fridge. ZipHilic colunm (4.6x150

mm, 5um particle sizej & LIIZNOKF aSR FTNBY daSNO]l {SvdzZ ydaé |

12C Spirulinawhole cells (lyophilised powder), unlabelledere LJAZNO Kl a SR FNRBY &/ Y
Limited [ SAOS&GSNEKANB®

E coliMG1655 strain wamnitially culturedon agar plate by the bacteriologyayp laboratories,

Centre of Biomolecular Sciences. The growtlt afoliMG1655 was supported byB culture

medium (prepared by the same department) akt® culture medium(prepared bymixing

100mL obxM9salts, 1mL oflM magnesiunsulphate,1mL oflM calciumchloride, 3mL of 2M
thiamine, 5mL of either *Glabelled or unlabelledylucose 20% solution, 445mL aseptically

purified water per litre). Al M9 minimum medium chemicals weoederSR  FNBY d{ A3Y
I £ R NJwith Kne Exception ofpurified water (provided by the bacteriology group) and

uniformly *Glabelled (U'¥ ¢ 2 cdd> 0 3t dz02aS 02NRSNBR FTNBY a/Y

A set of 268authentic standards (10mM and 100mM concentrations of amino acids,
carbohydrates and peptides) were used in an analytical run of the samples and were prepared
FTNRBY OKSYAOIfa 2NRNBSOROpShMPAY talde) A I Y I

The sample and standards were stored ipfendorf tubes, and later transferred into 200uL

C A

threadvid & o0 a/ KNR Y| (2 3eIGMS&Nn.5 ANBOG ¢ 0 F2NJ
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Growth of E. coliMG1655 bacteria (unlabelled antiGlabelled)

Over the period of time, severdt. coliextracts (first unlabelled, latet*Glabelled) were

produced in the same conditions, with tlggowing procedures tang place in the bacteriology

group inthe Centre of Biomolecular Sciences, University of Nottingl&ach produced extract

had a volume of 10mL, as the equipment for growing bacteria was limited, so only a small
amount of extract cold be produced at a time. In order to produce 10mL of unlabeedoli

extract, several steps were performed. Bacteria was first taken from agar plate and inoculated

into a small amount (3mL) of LB medium in a tube, which was left overnight én'a If < 3 NJ
incubatorl i  dB®OUL/ of the growiE. colivas then mixed with 500mL of M9 minimal medium

in several flasks under aseptic conditions (using a standard Bunsen burner technique) and put

into the same incubator for around 17 houfhe cultures inthe flasks were allowed to reach a

density of 1x10cells/mL or more, measuredytoptical Ey & A 1 & NBF RSNJ 4. A2YIl G S
wavelengtd . I OGSNAIf OSffa gSNB (KSy OSYGNRFIdASR |
centrifuge)to obtain thebacterialpellets for extractionLabelled*CE. coliwere grown under

the same conditions, with 20%-€C glucose instead of unlabelled glucé¥e.
E. coliMG1655 extractioroptimisation

Severakextraction methodswvere tested onE. colipellets during this studyin ader to decide

the most effectivaechniquein obtainingthe bacterial extractvith wider metabolite coverage

Extractioni SaG a4 6SNB R2§ Rl dza A YRR DS KRANB & NEXKF XY I iyR2 v
G @1 OdzdzY prBchdresy{dheng extraction), agell as using differenéxtraction solvers

such ascetonitrile: methanol: purified ater (AMW) in 2:2:1 ratio, or pure methanol, in various

volumesP ¢ K S -GaKA-NaES T LSNE O S ReaiilB theEy odlpdlled SoRtions inliquid

nitrogen for one minte (extra safety precautions had to be considered to avo@hazard of

liquid nitrogen),defrosting(thawing) themon the surface of the ice and vortex mixing thefor

30 seconds. Thefreezethawe procedure was repeated at least fourtimes to ensure the

bacterial cell walhad been broken irthe E. colipellets. Mixtureswere thencentrifugedusing

the d 1 I NISBOSE NJOBHdeMNE F2NJ Sy YAydziSa G monnn3a I
(upper layer solutions}¥® The extra steps ithe drying extractiormethod involved adding cool

extraction solvent into the tubes agafaccording to the optical densities of bacteria), repeating

thed TNBEIKI $é¢ LINROSRAINB F2dz2NJ GAYS&sS OSYGNATFdzaAAY 3
above, as well as putting the tubes intacentrifugal evaporaton & W2for ged/asal hours to

evaporate the solvents and dry thE. colipellets. These ded pellets were later reconstitad

with extraction solvent befor GMS analysisThe extraction of*GlabelledE. coliextracts was
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performed using several extraction methods producing variouspéesn(described later in
Results and Discussion sectiord).the tubes withE. coliextracts(unlabelled or labelled) were
storedaty n / deSiadallysis] /

The first set of experiments was performed to observe if drying extraction conditions (freeze
thaw with vacuum drying using the centrifugal evaporator) could be of additional help to a
standard freezeahaw (nondrying) extraction ofE. coli For this expament, two sets of
bacterial cultures (500uL of bacteria in 500mL media volume) were grown and each was
extracted by a different method (either drying or ndnying). Two sets of samples were
produced and analysed by IMS¢ five analytical replicates ofrigéd extract and another five

of nondried. The extraction solvent used in this experiment was ice cold methanol; the same
volume (4mL) was applied to all bacterial extraictghe falcon tubes. Figure 2shows a

schematic drawing of the sample preparatio

Non-drying extraction Drying extraction

E. Coli culture 1 (500mL split into 5 flasks)  E. Coli culture 2

.i!egg

o )

I Centrifugal evaporator
;_‘.

Analytical sample replicates Analytical sample replicates
of non-dried extract of dried extract

Figure2.3E. colsample preparation using two extraction techniques in the first set of
experiments
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The second set of experimentsif coliextraction looked at the solvent choice of AMW (2:2:1
ratio) or pure methanol, and several volumes, to find efficient extraction paramefévisV

and methanol were chosen, as they seemed to be appropriate for extraction of polar
metabolites and have beeregularly used in the past® The volumes tested were 2mL, 3mL
and 4mL¢ the reason for this choice was that a 4mL volume of methanol solvent, for example,
has already shown some promising results in previous experiments, so using even smaller
volumes (resulting in more highly conceatted E. coliextracts) could generate better quality
extract. A small volume &. col{100uL) has been used for each extraction experiment, instead
of 500uL, because a variety of extraction techniques were tested simultaneously, so growing
large quantites of bacteria for each experiment would have been too much. Twelve types of
E. coliextractswere generated: nodried extracted in 2mL, 3mL and 4mL volume#&biwW
solvent; nondried extracted in 2mL, 3mL and 4mL voluntgsmethanol solvent; dried
extraded in 2mL, 3mL and 4mL volun@AMW solvent; anddried extracted in 2mL, 3mL and

4mL volumes ofmethanol solvent (with three analytical replicates for each type).

The third set of experiments f&. colextraction was testing the chosen extraction paeters

from the first two sets by growing a large amount of bacteria (500 pL) in volume.

12C Spirulinaextraction optimisation

In order toextract metabolites from the unlabellesihole cellsSpirulingpowder in methanol or
acetonitrile solvents, various techniquesere applied. One technique involved a simple mix of
aweighed amount oSpirulinapowder (10mg) in either 2mL, 3mL or 4mL ofdoéd nethanol

or acetonitrile solventsin volumetric viad using vortex and shakingefore pipetting different
volumes of mixed solution into 2P0 thread vials for L-MIS analysis (creating several
replicates). Theoptimised, improvedtechnique tested several concentrations o$pirulina
solutions in icecold methanol and acetonitrile sants (10mg/2mL, 1g/3mL, 10mg/4ml.
and more thorough solubilisatioextraction the sampleavere vortex mixedor 30 seconds,
put into a ball nill @ w S G & O K¢ at?5.® 1is speed fahree minutes, put into a water bath
FG np [/ F2 N H nifuyeddyodeir SNaNgR@inggiSoythre®SinlieNand vortesd
vigorously agaiseveral timesThe supernatants were then pipetted into fresh tubes, and later
transferred into 200uL thread vial$he procedures followed recommended FDA report on
Spirulinawhole cells solubilisatioff! All samples from differenextraction techniques were
storedaty n / | YR ¢ S NBelCMS ifstuménkR ¢ A (0 K
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2.2.2 Analytical L&MS methodology

The LEMS instrument used in this study to run the bacterial extract samples was a combination
of Orbitrap ESIMS Exactive coupled with Accela autosampler LC (Thermo Fisher Scientific).
Bacterial samples and standards were transferred into 200pL thread vialficfird GMS runs
and filled up to the volume before being placed on autosampler for aEuroliand Spirulina
optimisation extract samples were run with the -Bfinute methodology*®® Once a suitable
bacterial organism was chosen, it was then run on thanl8ute method for full validation.

Results of the two methods were later compared.

Chromatography was carried out using a-gHILIC column (Merck SeQuant), which was
maintained at 30Cthroughout the run. In th&4-minute method, samples were eluted with a
linear gradient decreasing from 80% mobile phase B to 5% within 15 minutesyefdlloy an
increase of gradient back to 80% within two minutes and maintenance until tfienfdute,

with a flow rate of 300uL per minute. In tH8-minute method, the linear gradient elution
decreased from 80% mobile phase B to 5% within the first 12 tesndollowed by a rapid
increase back to 80% within a minute and maintenance until tifeni@ute, with the same flow

rate. The injection volume from a sample was 10uL and samples were maintained at 4°C inside

the autosampler.

a{ @9 EI Ol A @ %in bdih pasiti@ il Ndgalive yolarity switching modes throughout

the run. Electrospray ionisation (ESI) was the type of ionisation used in the instrufeat.

following settings were applied: resolution 50,000; messharge (m/z) ratio 74.400; capithry

voltage 40V; capillary temperature 275°C; sheath gas 40 units. Mass calibration has been applied
0ST2NBE G(GKS NHzyz F2NJ SHFOK LRtFNARGET dzaAy3a a/ I £

of glycine, ultramark, caffeine), covering low molecul&ight molecules up to 70m/z.
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Analytical details:

Methodology.

Instrument:

ExactiveOrbitrapESIMSand Accela
Autosampler LC

Calibration mixture:

oCalmi¥ (positive and negative)

Polarity:

Switching (positive and negative)

Mass esolution: 500,000FWHM at m/z 200

ACG target: Balanced
Max inject time (seconds): 250
Low mass limit (m/Z): 70
High mass limit (m/Z): 1,400
Soray voltage (kV) 4.5
Capillary voltage (V) 40
Tube voltage (V) 70
Skimmer voltage (V) 20
HESI temg C) 150
Capillary temp (C) 275
Sheath gagunits) 40
Aux gaqunits) 5
Sweep gagunits) 1
Autosampler temp( C) 4
Injection volume(uL) 10

20mM Ammonium Carbonate in
purified water
HPL&@radeAcetonitrile 99%

LC Solvent A (Aqueous phase)

LC Solvent B (Organic phase)

LCMS column: ZIGpHILIC
Column diameter (mm) 4.6
Column length (mm) 150
Pore size (um) 5
Column temp( C) 45
Flow rate(uL/min) 300

Table 2.1Methodology parameters chosen for all-MS experiments throughout
the study.

The calibratior268 standards were prepared by diluting stock solutions of various unlabelled
metabolites (including common amino acids, organic acids and nucleat&leslar to the ones
found in human biofluids) to the appropriate concentrations with water or methanoé Th
standards were split into five main groups according to their isomers, physicochemical
properties and masses, so that metabolites of similar chemical properties would not overlap and
affect the peak response on the specfsze Appendix Al tablelhe sandard mixtures samples

were analysed together witBpirulinaand thenseparatelywith E. colisamples Methanol was
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used as a reagent blank in every analytical run. Table 2.1 (above) summarisesht& LC

conditions which were applied throughout the ansily.

2.2.3 Data processing and analysis

¢KS NI¢ RFEGF FTNBY Fff GKS GSaddpreplocédssidSvith 6 Ay
G-/ a{¢ az27F061 NB PiNg“ &2l If RBSRS O 8LIO2lYy ISNEAZ2Y A
a YT al (i OK éfor Fe@kNddtehing and annotation ofleted peaks?d. 59 haé¢ &a2F G4 |
(Wekome Trust Cengrfor Molecular Paralogy, University of Glasgow) was chosen as a main

data preprocessing and processing software to filter the background noise and putatively
identify metabolitest*’ The programmeaelectecthe most relevant metabolites anejectedthe

ones with poor signal or unmatched retention timeeducing thegeneral noise background

Positive and negative modes of data were also combined to see the full presence of all
metabolites in each sample. Statistical analyssapplied to the processed data to improve its

accuracy and significané® Metl 62t A4S +Fyy20FGA2y Ay daL59haé¢ |
accurate masses and retention times of observed peaks in the data to metabolites in the
included databasginside IDBM programme, which incorporatedll likely metabolites from

wide range of biologidadatabasesMetabolite annotation was also done by matching peaks to

authentic standards but not for all metaboliteBhe final lists of identified and rejected peaks

were annotated with confidence scores regarding the identification of each metabotiszdo

on retention times and molecular masse$rom score 1 (least confident) to 10 (most onk)

measured retention time was within 5% of predicted one (either from database or authentic
standard), the confidence score would be given as 9 or 10. If medsetention time was within

35% or more, the confidence score would be 7 or Ibgtabolites with confidence scores of 5

or above would be moved to the list of identified metabolites, while oneswith lower scores

would be rejectedd wS f | (i S RerelalSd ahribtatedsy IDEOMas possible ESI artefacts,

isotopes, adducts, fragments based on their retention times, peak shape and correlation of peak
intensiteswl ¢ RF Gl FTNRBY &aidl yRINRa ¢6SNBE LINRPOS&aaSR | f
Ayi2-56¢hFAfSa FyR dzLX 21 RAy3 GKSY Ayidz GKS aL5
graph?8é

UnlabelledE. coland Spirulingprocessed metabolome data were then compared to the existing
human metabolome database (HMD&p see which bactéam provides the most number of
metabolites in common with human biofluids (urine, blood, saliva). The spectra quality of each

bacterium sample has also been comparkdvas decided at this point thavhichever extract
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provides the higheshumber of putatve metabolites was enough to make a decision on which
bacterial organism to use. The chemical naturenetabolites detected was not as important as
the total number of metaboliteg the extractoverall(preference was given to more hydrophilic
compound3. Most important aspect of choosing an extract is for its rich wide range
metabolome, most of which matches with metabolites from HMIEB coli metabolome
database, EMDB, has been used as,wellerify that detected metabolites iB. coliextract was
correct and indeed belonged t&. colimetabolism, but otherwiseghe EMDB was not used in
data processing; when comparing metabolomes @&. coliand SpirulinaAs the analysis is
untargeted and there is no aim of detecting particular metaiaslor classes of metabolites, the
use of EMDBand HMDB hee only be used for direct comparisons. Attention to isomers and

other physicochemical propertiegas not very significant.

For Ut3GlabelledE. colidata, additional processing steps have beédlaf A SRX dza-Ay 3 a4 Y
L{hé¢ FdzyOliAz2y IyR awé¢ az2F0ds6F NS LINRPINIYYSD 51 il
these programmes to see which metabolites were successfully labelled. PDF and Excel files were
created showing the chromatogram graphs of igmqeaks of labelled metabolites, the ratios

of unlabelled and®Glabelled peaks indicating the fraction of labelling efficiency, as well as the

actual peak height intensity values for unlabelled and labelled peaks to aid the statistical

analysis®’

Data prescaling has been achied through preprocessing stageusing IDEOM software, where
unwanted signals, background noise, artefduése been removed, as well as scaling the data in
order to put the samples and variables on a comparable straliwe next chapter, normalisation
stagecontributed to pre-scalingof the data. Data prescaling was important to minimise variable

redundancy and make all variables more comparable in*%ize.
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2.3 Results and Discussion

2.3.1 Optimisation of the metabolite extraction protocol foE. coli

A series of metabolite profiling experiments have been performed on unlab&ledoli
extracts, which were produced (extracted) under different conditions (see methods section for
more details). The aim was to determine the optimised extraction methodEfocolito
generate an extract with the highest number of putative metabolites anelée peak signal

response.
First set of experiments: comparing drying amebn-drying technique

The optical density of bacteria in each sample replicate (before extraction) was observed to be
very close to 1.0 or above, indicating a good growth. Afteraexibn and L@AS analysis,
IDEOM results revealed totals of 513 and 588 putative metabolites detected in unlabelled dried
and nondried E. coliextracts, respectively, showirgimilar results (see figure 2atand b). In

both extracts, the majority of pative metabolites detected were of amino acid metabolism,
F2f{f26SR o0& OINDP2KERNIGSa FyR a20KSNRE o6LIR2f I N
of nondried and dried extracts, there was a lot of similarity in the content and nature of
metabolites, but itwas noticed that in nomried conditions the number of putative
metabolites was found to be greater (mainly amino acids and carbohydrates). Also, the peak
signal response was observed to be higher in-ddad extract replicates (TICs dff&r all of

the samples), compared to dried extract replicates (TICS of &ven B) which showed fewer

peaks in their spectra. This suggests that the -dofing extraction technique presented
slightly better results than drying, with a larger number of detected melaines, as well as
greater signal response for metabolite peaks. The drying technique generally presents an issue
of sample loss during the evaporation of a solvent, hence it could have led to potential loss of
some important metabolites in this experimetitis also a timeonsuming process. From this
experiment it could be seen that nedrying extraction works better fdg.colithan the drying
technique. However, the overall number of putative metabolites was lower than expected (in
previousE. colimetabolite profiling studies there were 7@800 metabolites), so there was a

need to look into further extraction parameters such as solvent choice and volumes being used.
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Figure2.4.The metabolite composition d&. coliextracts in drying extraction (A) and ndnying (B.
Percentages represent theumberof metabolites split by biochemical class.

Secondset of experiments: optimisation of volume and solvent

The small volumes of bacteria in each flask had aitalpdensity of 1.0 or above. The results,

in the form of total number of detected putative metabolites for each type of extract, are
presental in figure 2.5The highest number was observed in both wbied extractsby 2mL
volume of methanol and AMW sants (547 in methanol and 504 AMW). Compared to the

other volumes (3mL and 4mL)sikems that extractioin 2mL of eithesolventin nondrying
conditionsproduced &etter extract withslightlyhigher number of detected metabolite$his

can beexplainedthat the smaller the volume of extraction solvent used, the higher the
concentration of an extract was produced, hence a higher number of putatively identified
metabolites However,the reduction in number of metabolites/as notobservedto be bp

when extraction solvent was increasélthe possible explanation for this could have bdear

to a small amount oéxtractionvolumes used By increasing extraction solvent by 1might

not have been enough to makeacterialintracellular metabolitedbecame highly diluted in
extracellular mediungsolvent) Even with 4mL volume useil, K S S E (i Ndtrdlidn@éuldO2 y OSy
still be very higrandso ahigh number of metabolitew/ere detected!'® The choice of solvent

did not make a huge difference, with methanol showing slighéyter results than AMW
solvent, possibly because it was not diluted by purified water as is the case with AMW solvent.
Similar results were shown in drying conditions, where the 2mL volume extraction of methanol
and AMW solvents showed the highest numbé463 and 455, respectively) compared to the
other volumes. fie peak signal response for ndnied extracs (both solvents, any volume)
was relatively highE®), compared to dried extracts which showed a poorer quality of spectra

This siggests that the rosteffective extraction parameters fd@. colwould bethe non-drying
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technique, witha 2ml volume of methanol solvenfTo confirmthese chosen extraction

parameters, a large voluna E. col(500uL) was tested next

The amount of detected putative metabolites i&. coliextracts under
different extraction conditions
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Extraction conditions (AMW Acetonitrile, Methanol and Water; MeOHMethanol)

Figure2.5. The number of putatively identified metaboliteskn calextracts produced by variou
extraction technique

Third set of experiments: large scale growth dE. coli

The chosen extraction parameters were later applied on lasgaieE. coli(500pL inoculums),

with 10mL of icecold methanol solvent used (proportional to the earlier experiment where 2mL

of solvent was applied for 100uL bacterium), to see if comparable results can be achieved than
the smaliscale optimisation experiment. Thexrgjescale experiment was repeated two times,
growing fresh bacteria for each experiment, to see if we could get consistent results in
metabolome and spectra quality of grown and extractedcoliunder the chosen optimised
methods. In the first experimenbacteria were grown in five small 500mL flasks, while in the
second experiment all of the bacteria were grown in a large 1L flask. (All other conditions stayed
the same.) This was done to see whether growing bacteria in several flasks separately can
produce a better growth rate (ODFigure 2.6presents the metabolomes d&. coliin those
experiments (763 and 787 metabolites). The majority of detected metabolites in both extracts
GSNB 2F FYAyYy2 | OARZI O Nb 2 Ke&RNJI {&obderyeld, indhdsé K S NE

experiments, that growing largecaleE. coliin several 500mL volumetric flasks, rather than
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inside a large 1L volume flask, significantly improved the growth of bacteria, and therefore the

production of extract; a higher OD value vgareported in the first experiment. This suggests

that growing bacteria in several flasks provided them with a larger surface area for growth and

expansiorg in a 500mL volume flask, it will be a lot easier for a small bacterial culture to grow,

than for 0L of bacteria in a 1L volume flask (because it will be more difficult for the bacteria

to be mixed with the culture). The peak signal response of samples was observed to be very high

0 ¢ L /8ain bath éxperimentsg see figure 2.7 These finakxperiments confirmed that the

chosenextractionparameters were appropriatéor E. coli
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Figue 2.6. Metabolite profiling of largescaleE. col(500pL) in two experiments. Percentages repres
the amount of metabolites split by biochemical cladsisst experiment (A) Second experiment (B)
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Figure 2.7. Example of two spectra

showing metabolite peaks during

a 24-minute run. The signal response (TIC) i

and 1.04 EB. (A) First experiment (B) Second experiment

of E. coli 500uL/10m L sample analysed by "XCalibur" software

nbothi srecorded as 1.13
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2.3.2 Optimisation of the metabolite extraction protocol fo6pirulina

Severaluntargeted LEMS Exactive experiments were performed generated Spirulina
extractsto identify the suitable extractiononditions and the results were compared to those

of E. coli
Firstset of optimisation experiments: Volume test

Firstly, it was decided to see $pirulina(10mg) could be extracted with either iceld
acetonitrile or methanol solvents, in certain volumes (2mL, 3mL and 4mL), without any
additional steps (e.g. heating baths and ball mill) to break the cell wall, as a few experiments in
the past showed thattiwas possible to extrac@pirulinain a simple mix with solvents. Three
analytical replicates were made for each type of samfieple mixing oBpirulinapowder

with acetonitrile solvent, followed by vortex mixingvas unfortunately not sufficient to
sdubilise all of the powder at any volume, even with 4i8bme of the powder managed to
solubilise, however, a large amount of powder remained undissolved at the bottom of the
Eppendorf tubes. When the small solubilisggirulinain all of the tested sampleeplicates was
analysed by LS, the detected number of total putative metabolites was observed to be
lower than inE. col{around 30@350 putative metabolites in each extraction experiment). The
produced samples generategery weak pealsignal response of metabolites (TICs & on
average);, lower than expectedwWhen mixing with methanol, the solubilisation of samples was
slightly better but the results were still of a very poor quality. (Some experiments were not run
due to a risk of column blockadecause the powders were not dissolved at &lthough
Spirulinais a gramnegative bacterium (genus cyanobacterium) and consista tfinner
peptidoglycan layer in its cell wall compared to grpositive, it was not sufficient for methanol

or acetonitile to dissolve the cell wall thoroughtyithout additional extraction steps. It was

decided at that stage to improve the extraction techniques further.
Secondset of optimisation experiments additional techniques

With modified techniques applied (batill, water bath and centrifugation), the metabolite
profiling results improved. Metabolite profiling results &pirulina extract in methanol
(10mg/2mL, three analytical replicates) showed a wide range of detected metabolites (596),
compared to the other two concentrations (574 and 568 putative metabolites for 3mL and
4mL, respectively). The nature and content of metabolifesm all three extraction
concentrations were very similar. The results from the acetonitrile solvent extraction (same
method, same samples) were not significantly different (608 putative metabolites for

10mg/2mL concentration, and 563 and 549 for 10mgi3and 10mg/4mL, respectively). The
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majority of identified metabolites in all three experiments were of amino acid, carbohydrate
and other biochemical classes. This demonstrated 8itulinawas successfully solubilised
using the advanced extraction tedlques without any dissolving issues, as well as showing that
in the highest concentration it can produce a higher range of metabolites. The solvent choice
did not show a big differencénall of theexperiments, however, it was noticed that peak signal
response for metabolites wastill observed to be lower than expectedICEE) with a high
background noise. Figure 2sBiows the metabolite profiling results &pirulinaextracted in
concentrations of 10mg/2mL for methanol and aasitdle solvents. Figw 2.9(A and Bshows

the spectra of those extracted samples, demonstrating high backgroomk and low TIC

values.
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Figure 2.8The metabolite composition @pirulinaextracts (10mg/2mL) in me#mnol (A) and
acetonitrile (B solvents. Percentages negsent the amount of metabolites split by biochemic
class.
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2.3.3 Comparison of unlabelled. coliand Spirulinametabolomes with
humanbiofluid metabolites

Comparison

High quality data of unlabelleB. coliand Spirulinabacterial metabolomes, with the largest
number of putative metabolites taken from previous experimental data (78Efaoliand 596

for Spiruling, were directly compared to the online human metabolome database (HRDB)
order to assist in finding a suitable bacterial extract with a metabolome closely related to human
biofluids. The comparison was only performed with human blood and urine metabolites, as
those biofluids are the most common sources of human metaboldaed are usually

investigated in metabolomics clinical studré$!28°
The metabolome oE. colig I & AYAUGAL f f 8E. @YK TFOER 2 B Mol Gi K6 I & S
confirm the nature of metabolites detected in the experiments with metabolites already

registered on the online database (a reliable souficen past research studies oB. coli

metabolite profiling). FoBpirulina such an online database did not exist, so full verification of

66



detected metabolites was not possible (the metabolome had to be checked with published
research papers describing @etion of Spirulinametabolites)?°*2°1 From direct comparison
with the human metabolome databasg, coliappeared to have more metabolites in common
with biofluids (plasma and urine) tha8pirulina as shown in figure 2.10 (AB58 E. coli
metabolites, 492Spiruling. When beh bacterial metabolomes were compared to each other,
450 metabolites were found to be in common, out of which 367 metabolites were in common
with human biofluid metabolites from the database. These included common amino a€ids (L
alanine, kproline, Lpherylalanine); nucleotides (AMP, adenine and cytidine); carbohydrates (D
glycerol) common organic acids and other biochemical entitiésThis was an expected
observation, as both bacteria wouldquire such important metabolites for their growth and
development, and would contain a wide range of polar metabolites, as established earlier in this
chapter. Metabolites which were absent pirulinabut were present irE. coldata (and were
found to be in common with human biofluids) were important amino acidadtenaline, L
cysteine, Hysine), carbohydrates (Blucose, Bylycerate), organic acids (maleic acid, orotate,
picolinic acid, pyruvate), nucleotides (ATP, ADP, GMP), all of which areiddemessential for

the general growth of an organism. Detailed comparison tablds. @blj Spirulinaand human

biofluid metabolomes aréound inappendix(Table A2

Overall, these results have demonstrated that bBtlcolandSpirulinahave a lot ometabolites

in common with human urine and plasma biofluids, Butcolihas shown better results with
more metabolites in common with biofluids. The metabolomeEofcoliextract showed the
presence of some key metabolites which were missing irSibieulinaextract¢ amino acids L
cysteine and dysine and several important nucleotides. The absence of those metabolites in
the Spirulinaextract could have been due to the preparation of the lyophilised dry powder by
the manufacturer. It appears thatne of the drying methods using hot drums can significantly
reduce the level of sulphur in amino acids such-agsieine, kmethionine and Hysine, as
investigated by FDA researtfi.Therefore, it is important to know how th8pirulinapowder

was produced and by which drying method. This aspect is difficult toapas mosiSpirulina
powders are produced industrially. As mentioned earlier, solubilisation and extraction of
Spirulinawere also found to be challenging aspects, even with all the recommended extraction

equipment used. Ineffective solubilisation collave led to a loss of some key metabolites.
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Fgure 2.10 (Byhows the number of metabolites detected in each biofluid (human blood and
urine) for each bacterial extract metabolome. Similar nunsband identities of E. coli
metabolites were found in both biofluids (523 and 56@swas the casdor Spirulina(383 and

411), suggesting that there wa® significant variation in metabolome between the biofluids
when analysing individual extracts. Important metaboljtéscluding common amino acids,
organic acids, carbohydrates and lipids, which are essential components for normal human
development and physiological function, would be expected to be present in human urine and

plasma biofluids.

Human Blood Human Urine
Human Biofluids

Human Comparison of metabolomes present in human
metabolome - biofluids between two bacterial species
c
database (blood A 3 600 coq 563 B
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Figure 2.1@ompariso of metabolomes of unlabelled. coliand Spirulinaextracts with metabolite
of human biofluids; blood and urine. General comparison (A) and comparison with each bioflu

Deciding on the mossuitable bacterial extract

Based on all the bacterial metabolite profiling experiments conducted so far, it has been
concluded that thek. colextract appears to be a more suitable bacterial microorganism for the
development of internal standards th&pirulinaE. colhas shown #&rger number of detected
putative metabolites and better quality sample spectra (with higher TIC values). In addition to
this, the E. colimetabolome was found to have more metabolites in common with human
biofluids (blood and urine), and some key methies that are not detected ifspiruling thus
givingE. colia big advantagdt was also observed that extraction Bf coliwas found to be a

lot easier and more effective in generating a high quality extracgmsulinahas showmpoor
solubility during extraction (even with improved techniques) and involved multiple st&ds.

colibacteria have, therefore, been chosen for future normalisation experiments.
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2.3.4 LCMS method validation

Two L@MS methods (18 and4 minutesg described in the methodology section earlier in this
chapter) were compared to find the most efficient method of analysing the samples without
losing important metabolite information. The aim was to make the method as-éffieient as
possibé. Reducing the overall running time of the samples from 24 tmib8tes would help to
save time overall (sometimes from days to hours) when running a large number of samples in
future clinical experiments. To fully validate the newrBute method, in he first series of
experiments, 26&uthentic standards (split into five groups) were analysed with both the 24
and 18minute methods, in turn, using the same-MS conditions described in the methodology
section of this chapter. Those 5 groups (samplesjewun three times each (3 analytical
replicates) first by the 2#ninute method, followed by the &ninute method, in one big
sequence. In the second set of experimentsEarcoliextract (500U in 10mL, three replicates)
were run with both the 24 and 18iinute methods using the sameMS conditions, to observe
whether it was possible to detect a similar number of putative metabolites and the same quality
of spectra in each case. Data was analysed bylD@Xd IDEOM software, as described in the

methodobgy section.
Authentic standardsanalyticalrun

After the 24minute method analsis, 170 metabolites out of 2G8sted authentic standards
(68%) managed to show full detection with clear peaks and high extracted ion chromatogram
values (Eor E¥). Their pesence was detected in all three replicate samples. These results were
similar to the data obtained in previous experiments where authentic standard mixtures were
run alongsideE. coliand Spirulinabacterial samples, and they showed a similar percentdge o
detected standards. In all the experiments where standards were analysed with {imen2de
method, TOXD software showed that the detected standard metabolite peaks were very close
to expectedretention times of authentic standards, confirming metabmlidentification.
L59ha 3INI LK NBH SySBRIYOGISRSE @a SELISNAYSyYyidlt o
standards was showing a good proportional relationship with a high R2 score (gradient) of 0.674.
In most of the experiments, the R2 score was betw@#x0.7, indicating a very good run of the

standards.
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When the 18-minute method was analysed using the same number of authentic standard
samples, the overall results were found to be very similar to the ones obtained in imén2de
method. The number of detected authentic standard metabolites was slightly lower (163 out of
250, 65.2%) with clear high extracted ion chromatogram peaker(E) and a high R2 score
obtained in IDEOM (0.656), indicating once again that detected metabolite peaks had retention
times that were very close to the d¢oretical values. In figure 2.1the examples of spectra of
authentic standards mixture group 1 (containing 103 melibs), analysed by the 24 (A) and
18 (B minute methods, are presented. It can be seen that in both methods the peaks were
similar in number and shape profile, with a ydrigh TIC @t However, it was noticed that there
was a presence of retention time drift, with some of the peaks in thenii8ute spectrum
eluting later than in the 24ninute one. However, this did not affect the identification of

standards metabolitesignificantly.
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Figure 2.11Spectra of authentic standard group 1 mixture sample in2dute LEGMS method
(A) and 18minute LEGMS method (B)

70



E. coliextract analytical run

To fully validate the proposed 1@inute LEMS method, the recently developdsl coliextract

has also been analysed with 18 andr@#hute methods in turn. After data processing by IDEOM,
the total number of detected putative metabolites in tle coliextract from the 24 and 18
minute methods did not differ significantly (745 and 740 nhetiites, respectively). When
looking at the spectra quality in figure 2.1there was a slight difference in the number of peaks
and shape profiles between the 24 (A) and 1§ (Bnute spectra, with some peaks in the-18
minute spectrum ceeluting atdifferent retention times to the 24ninute one. Similar retention

time drift was observed in a previous experiment with standard mixtures. It appears that
reducing the analytical running time of a sample has an effect on the elution of peaks but not
to a geat extent¢ metabolite identification with IDEOM was still accurate and unaltered. The

TIC values were reported to be higB) (@& both spectra.
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71



Based on the results from both experiments (with authentic standards Endol, it was
concluded that using the tfinute LEMS method in future experiments for normalisation and
clinical applications is still accurate and allows detection of a wide range of polar afublaon

metabolites.

2.3.5 Generation of a*Glabelled source of internal stndards and
testing its quality

Labelling test

SinceE. colibacterial organism has been established as a potential candidate for a source of
internal standards, it was ready to be uniformly labelled Withisotopes. BClabelledE. coli
extract was produced under the same conditions as unlabelled extract, with the exception of
U-1C glucose as one of the growing constituents, and analysed with9_Exactive, alongside

an unlabelled extract, under the proposed-afinute LEGMS method conitions. The total
number of putative metabolites detected in unlabelled extract was 708, the majority of which
were amino acids and carbohydrates, with the peak signal response of extract sample being

very high(TICs of).

v A 4 oA X 4 oA

After the processing of thosR SG SOG SR YSiI avatthlL 58%&% &RFK 6 bt NB X
confirmed that 548 putative metabolites (77%) were successfully labelled¥@trsotope. The

majority of the labelled metabolites were found to be amino acids, nucleotides, organic acids,
carbohydates and a small proportion of lipids, as was expected. The laék adotope in the
remaining unsuccessfully labelled metabolites (23%) could possibly have resulted from the
contribution of*2C from carbon dioxide that was introduced wHiecoliwasgrowing, or from
Lysogeny BrotflLB) culture mediunthat had been used for initidt. coligrowth prior to using

M9 minimal medium. LB medium was found to contain numerous peptides such as tryptone,

which containg?C isotope<®*®

Quiality of the U'3GlabelledE. coliextracts

The labelledE. coliextracts which were produced for all the normalisation and clinical
experiments (see chapters three, four, five and six) were checked for their quapgcifically,

the amount and nature ofGlabelled metabolites! ¥ i SNJ LINR OS & a A yWatchi KS R (
La2é &a2F06FNBE Al o6Fa O2yFANNVSR (KFG 2y | @SNI

extract were successfully labelled wii€ isotope (fully or partially labelled), with the remaining
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20% not showing any presence B isotope in their struare. As in the first labelling

experiment, the majority of thé*Glabelled metabolites were found to be of common amino

acids, carbohydrates and common organic acids. The majority éfGhabelled metabolites in

each extract had isotopic purity of n®ithan 8%90%, with some even expressing 106%

purity. Figure 2.13 (Aphows the examples of several successfully labelled metabolites
LINBAaSYyiGSR Ay 2yS 27F (KNMacBEAING OLINBEINIYYY S8 A SRKHO@F
the percentage ot°C isdope purity. Infigure 2.13 (B)the whole metabolome of. coliextract

is presented showing proportions of fully labelled, partially labelled and unlabelled metabolites.

13C labelling efficiency dE. colimetabolites
A
= Fully 100% labelled = Partially labelled (30%-90%) = Unlabelled
B
Isotopic purity in U3C labelled E. coli extract (several
examples)
100.00
. 90.00
S 80.00
> 70.00
% 60.00
o 50.00
Q 40.00
& 30.00
S 20.00
- 10.00
W g fc el logpr i
ESE 50522858 55:5886852558388%28
EEE8IZ2 o020 T80T=28535£02385243352¢83
2e8zzEE£zx2283F eLRgoga22 9 T 5~ 5358
S>3 88&8E€E2xa02 GT-2c5aogzI o 2% o3>
5 S<<3% 3838 > I s g - < 3 gz
Q Ta NS 328 I < 2 < 4
v~z 5 <+ < z = a
£ 7z
Metabolites

Figure 2.13 Isotopic purity of-83C labelled E. cadixtract, chosen as an exampjésotope purity
of labelled extract (A) and labelling efficiency of whole metabolome (B)
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It was concluded thaE. coliextracts were successfully labelled wifi€ isotopes, showing a
wide range of polar labelledhetabolites with high isotopic purity. A certain percentage of
metabolites could not be labelled and would not be used as internal standards but this issue can

be rectified using another method (see chapter threerfwore details).

2.4 Conclusion

In this chager, the development of an isotopically labelled bacterial organism as a source of
internal standards for normalisation, was presented. The use of this labelled extract in a
proposed normalisation approach would help to make an advanced step towards &cdata

processing by correcting technical variability and matrix effects, and providing an unbiased

method for the analysis of metabolites in human clinical samples.

E. colappears to be a suitable bacterial organism as a source of internal stanBardextract

has shown a wide range of metabolites, most of which were in common with human biofluid
metabolomes (mainly human blood and urine), in comparisorspirulinaresults. The peak
signal response, in the form of TICs in spectra for each extvastfound to be larger and clearer

for E. coli without any background noise. The most suitable extraction parameters have been
chosen and they helped to generate a succedsfuoliextract, while inSpirulinathe extraction

and optimisation techniquefailed to generate an excellent extract. Finally, groningoliwas

a lot cheaper than purchasir®pirulingpowder. These results confirmed thit colivas suitable

choice.

U-®ClabelledE. coliextracts managed to show very good isotope labellinglafge number of
putatively identified metabolites (around 80%) with high isotopic purity. Among them were
common amino acids, organic acids, carbohydrates and lipids. The amount of labelled
metabolites is high and similar results were observed in previgtuslies, whereE. coli
metabolome was labelled at high isotopic puri#}2°®Other microorganisms, such as fungi, have
also been involved in labelling experiments, with their metabolome successfully labelled with

13C isotopet™

As U3Gisotope labellecE. coliextract has been used in normalisation in the past (mainly in
targeted studies), it appears that it would be a promising source of internal standards for
normalisation of human biofluid and tissue metaibe$ in untargeted metabolite profiling

experiments.
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Chapter Three

Validation of the normalisation
method using human and animal
biological samples
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3.1 Introduction

3.1.1 Concept of validation and its purpose

In chapter one, the concemif normalisation has been introduced as the means of reducing
unwanted analytical and technical IMS data variation in metabolite concentrations of
samples that normally has a huge effect on the quality of metabolite results. With metabolites
being norméised effectively, it can help to obtain a highly accurate data and to only focus on
biologically relevant differences from the analysed sampi&€? Variety of normalisation
methods have been applied to metabolomics data in the past, as discussed in chapter one,
demonstrating their advantages and limitations. Stabié isotope labelling technique has
particularly been used in research, utilising single or multiple intetiaaldards (labelled*C
metabolites) to normalise the dat&11882%|n order to show its accuracy amdlvantage in

metabolomics, this technique needs to be validated.

Different LEMS methods together with variety of normalisation techniques have already been

used in metabolomics in the past, as discussed in chapter 1. To ensure their accuracy, they

were required to be fully validated. Validation concept was first introduced in 1970s by Food

Drug Administration (FDA) for the purposes of assessing the quality of pharmacetieala.
RSTAYSR @GFItARFGAZ2Y |a a9aidlofAaKAYy3a R20dzySyi
assurance that a specific process will consistently produce a product meeting #s pre
RSGSNX¥AYSR aLISOATA O &Anoifiér wdrdg, Ralidptiizcohfknis ghat b G G NA 6 dz
properly designed system, such as normalisation technique in metabolomics, can provide a

high degree of assurance that it is properly evaluated before its implementation and suitability

for its intended use® Validation has been used in metabolomics before. Apart from assessing
normalisation techniques, validation tested variety of methods used for confirming potential

biomarkers, metabolic pathways and other relevant informatith.

In order to confirm that the proposet?C normalisation method is effective and normalised
biological samples well, it requires a thorouggdidation process. As mentioned in chapter 1,

two main ways of assessing normalised data is by looking at %RSD change in metabolite data
and by running a multivariate analysis through PCA and -DRL®odels to observe the
improvement in quality of dataisually. Validation is particularly important for this type of
normalisation, because it is difficult to use available labelfi€l peaks to normalise all the

metabolome in the samplesfor some metabolites, there is H8C peak to match it to. The so
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cat SRSGAA A2y ¢ G(SOKYAINdSS Y&péakd ghSrietahojte bBifgh LIG S NJ
matched to another with similar retention time, may present an issue rather than solve a
problem¢ metabolite might not be normalised accurately, as itsetgsted mdabolite does not

fully reflect all the chemical and matrix properties of the metabolite of interest. Therefore,
YSGIro2fAdGS RIEGE @FNARFGAZ2Y YSAKIOA 2SS0 YOS f A 2N
assurance is needed to check that this type of noisadibn is performed as accurately as

possible, hence why validation is required.

Quite often, there is no proper validation or quality assessment of the published metabolomics
methods, in particular normalisation techniques, present in the stu#ffds. the past 5 years,
more than 900 papers have been published in metabolomics for biomarkewdiry or testing
normalisation technigue, but there was a small number of them containing a high level
validation assessment with certain critefi&.In one study, for example, the proposed
normalisation technique usintjC labelled internal standards, did a validation of the method
on a previously published dataset to show that it succeeded in removing systematic variation
in metabolite data, but accurately reproducing same results from that published dafdset.
However, most of normalisatioriglies performed so far in metabolomics did not show that

kind of validation, especially for untargeted studies.

Validation of normalisation method can be achieved by assessing the technique on a variety of
clinical, biological (biofluidsnd tissues) sampleBy demonstrating an effective normalisation

in a variety of biological samples, reducing inter and inidation in the data, can fully
validate the method. A good validation would also test the method on a large number of
samplesand replicates, to ensure that normalisation can be effective in a big clinical study in

the future.
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3.1.2 Planning validation experiments

The producedJ-**Clabelled extract (described in chapter two) is going to be applied in three
validation expeiments in this chapteg two projects with biofluid samples (human urine and
mouse plasma) and one with human brain tissuéo assess the proposed normalisation
technique by demonstrating the reduction analytical metabolite data variation possible
reduction in biological variation (even though it is not essengéiat) comparing the number of
statistically significant metabolites between normalised and-nomrmalised data. The reason
for choosing biofluid samples, particularly human urine, was tceokesthe normalisatio
effect on wideranging intraand interindividual metabolite variance usually observed in these
samples, and to determine to what degree it could be redudedhinly analytical
variance)!®3*92The proposed method would ald®@ compatible with hydrophilic metabolites,
very large quantities of which are found in urine, as the labelled extract wadedréa
hydrophilic conditions. The normalisation method may also be compatible with hydrophobic
metabolites (lipids), normally detected in plasft&Brain tissue was chosen for validation
studies to show that the method can also work in complex tissues, where a large data variation
is particularly observed and extraction of polar or lipophilic metabolitesoiseasy** A
sufficient number ofanalytical replicates (n33vill be used ineach validation case studg
mirror the natural metabolite variation normally present when conducting metabolomics
research Biologicalreplicates have also been used §ner 10) creating a clinicavariaion in
addition to analytical oneNormalisation effect willbe observedon both analytical and
biologicalariation In each case study, an equal number of unlabelled‘¥@thbelledsamples

will be analysed, in orddo do an accurate comparative normalisation analysis. In each study,
there will also be a comparison of two groups of samples (for example, control vs treatment),

fully completing the normalisation analysis.
Finding statstically significant metabolites

After normalising the metabolites with the proposed method and assessing the quality of data,
it is reasonable to perform multivariate and univariate statistical analysis on normalised data
in order to find a list of statt&cally significant metabolite¥2 This could be an additional step

in valdation experiments to fully confirm the efficiency of normalisation. Univariate analysis
methods including fest, FDR and Bonferroni corrections and ANOVA performed on
metabolite data, are used in order to assist in finding significantly changed metsbolit
between groups of data (e.g. control and treatment groups), as mentioned in chapter 1- The T

test is used to test the null hypothesis which states there is no significant difference between
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two sets of data, and to produce p values for metabolites.HIDR correction further processes

the data and checks whether the metabolites that had a p value less than 0.05 (statistically
AAAYATFAOLIYGUO NBE O2NNBOG 2N y2de {dFGAaGAO T
L 20a¢x O2YY2y fudies, ddiich Braphically 8hwwk 0@ manyimetabolites are
statistically significant and have a large magnitude of changes (fold changes) between data
groups®23%Multivariate analysis can further help to show the difference between data group

sets and to obtain VIP scores for metabolites from the @PA B odel, which helps to measure

I YSGFro2ft AGSQa& A YLR NI yoBeSin pardllel iofuSvaridtg aslysid L 0 A
producing lists of statistically significant metabolit€%3°’ The lists of statistically significant
metabolites from univariate ah multivariate analyses are then compared to see which
metabolites they have in common (in other words, passed both univariate and multivariate

tests) and the final list of these significant metabolites is produced.

3.1.3 Aims and objectives

The following aira and objectives of this chapter outline the planned validation experiments to
fully show the effectiveness of the proposed normalisation method using st¥blsotopes as

internal standards:

Conduct validation experiments aféC normalisation dat@rocessing (%RSD calculations and
multivariate analysis) in:

Human urine study

Human brain tissue study

Mouse plasma study

Find and compare statistically significant metabolites in each study between normalised and
non-normalised datasets, using multivaté analysis (VIP scores)}{ebt, FDR correction and

volcano plots.

Perform other posiprocessing data normalisation tests on the metabolome data from the above
studies and compare the results ¥C normalisation to confirm the proposed method:
TICnormalisation

MSTUS normalisation

Normalisation to creatinine (in urine study only)
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Figure 3.1 below shows the summary of data processing workflow that will be used for

normalisation analysis in each validation study, using the software programmes mentioned

earlier for different purposes.

T am——
Samples for validation experiments . Processed data by IDEOM
Raw data from LC-MS analysis
(Xcalibur software)
PCA and OPLS-DA charts.
Normalisation results 2 : , :
e I ) Calculation of ratios from normalised data
~ G ool M) el Mol bk Mol M) el ~l~ Nl gy > |
¥k B S 1 1 5 20 300 e 305 || — (13
AR LI LR 0T LN LTS 100 LR b X
; 1 10N L0 LI LS L LT LN LA LN AN LT : 24 C13/C12 peak

AN DI LW OTAS G A e O v N L ® 2
LW LIS S 1Y 1IN T AN 45061 1 1 2 . | ratio

e ——— S LY 100N BRSNS L 0D
Z:(Il ‘o 12)7 AR L S LM LN 36T LRET TR
—————— LITHLE A0 LAGON DN DN LN ey 1500 a2
2n MO SN L2 NG LI LN LN LN LY L

0 BTN KA 0N ) LSS TR0
T TR

Y
%RSD calculations.

Normalisation Mean = 3:1’_;'—”)
n

results 1 g
0
CV(%) = 100 x g—

Figure 3.1. Normalisation data processing workflow applied in validation studies
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3.2 Materials and methods

3.2.1 Materials, instruments and samples collection

All materials and reagents used in analytical experimemtthis chapter were the same as
described in chapter 2. They includedM6& mobile phase solvents such as 20mM ammonium
carbonate in purified water and HPlg€ade acetonitrile, zipHilic column, system blank
61 OS2y AGANA GBS0 DI &6 A b tiRéBauhentt stendlatdy. T heir details and

supplier sources are described in chapter two.

Thel@ { AyadNHzySyd O6hNDBAGNI LI a9EIF OGABSE O2dzLid SR
same as described in chapter two. Extraction apparatus used in ttadisiation experiments
GSNBE OSYUNARTFdzZZS o0a!l I NNASNI mykyn wéx 'Y HanyoLZ

HAnyoX @FENRFGE S &+1I6 6 KSFMAUVADHIK YOLME, Pahble bameri t S
K2Y23SyAaSN) 6d. A0oo20l2ASYGAFAO {GdzZ NIé¢ZX {lamX

Human urine samples were collected from ten healthy volunteers in Boots Science Building,
School of Pharmacy, University of Nottingham. Human brain tissue samples were collected from
volunteers having clinical seizures but otherwise healthy, p@®d o6& GKS / KAf RNB
¢ dzY2dzNJ RSLI NI YSYy(Gz vdzSSyQad aSRAOFE [/ SYyGaNBz !y
(healthy but having priR A aLJl2 aA G A2y G2 !'f1 KSAYSNRa RAaSIaso
{OASyO0Sasz vdzs$SSyQa g& Ratoghdm. All SampldsRiiE not opritaih & A U
major diseases, with urine samples completely healthy.

The producedJ-*Glabelled extract (see chapter two) was applied to biofluid samples (human

urine and mice plasma) and to human brain tissue, to asgessormalisation technique. In

SFOK OFrasS &addzResz |y Sljdzr £ y dzY écsliNinethdnol, azy f | 6 S
presence of ¥ A &202LIS&0 YR af ¥ 3abdld RéractoirSraethalibO i SR«
samples were prepared, in order to do ancaate comparative normalisation analysis. The
extractwith internal standardvas added in a 1:1 ratiatthe sample in each experimeqtin

human urine project 500 pL of extract was mixed with 500 pL urine sample by pipetting and

vortex mixing; in mouselgsma project the same volumes were applied as in urine; in human

brain tissues project the volume of extract was added proportional to wesglite tissue (30

ML per 1mg). Analytical and biological replicates have been produced aQ®edhmples were

prepared by mixing an equal amount of each samgléhis was done in each validan

experiment See next section for more details.
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3.2.2 Design of validation experiments

Human urine study

This study investigated the effect of caffeiNdh OK o6f | O1 GSIF 6491 NI DNEB
human urine metabolome, collected from healthy individuals by the researcher, in order to

validate the proposed normalisation method. Two sets of human urine sangaintrol (urine

sample before ingestion of tea) atietatment (after ingestion of tea), were collected from 10

healthy male volunteers (n=10, BMIEAD, age 2§35) into large 50mL Falcon tubes. A small

amount of urine (500 pL) from each collected sampigs extracted (either with ice cold

methanol or U*C labelled extract in methanol) in a 1:1 ratio in Eppendorf tubes, onigzd

fordlch YAy dziSa IyR OSYGUNRTddzZASR o6& &l NNASNE OSyi
supernatant containing polar etabolites.The supernatant from each tube was collected into

fresh precooled Eppendorf tubes and storedgtn / O2 Y RA (i A 2 yestrdcted KSNB &
samples produced in total 20 of which were controls (185C labelled and 10 unlabelled) and

20 taken atfer tea (10**C labelled, 10 unlabelled). Urine samples from subjects after ingestion

of tea and controls were analysed in a single analytical run using the developéf @thod,

randomised with QCs and reagent blanks as stated earlier. Recruitment of volunteers and
collection of raw urine samples were performed in the School of Pharmacy, ethically approved

68 GKS {OKz22fQa 90GKAOA& . 2| NR -201B)YTYidpiojed Sudyd I LILINE ¢
g & (Globd rBeRibotite profiling of human urine samples treatedth caffeine-rich tea

and the application of normalisation methodology on the metabolome datap

Volunteers were asked to answer a series of healthcare questions (health questionnaire)

before taking part in the experiment, in order to determine whetheg\ttwere suitable for the

alddzRé 2N y20d ¢KS ONRGSNRIF FT2N) aSt SO0GAy3a G2f d
having no renal or hormonal diseases, being a-smoker and having no medications

prescribed. The presence of these criteria might hhad a significant effe® Yy A Y RA @A Rdzt f
urine metabolome, and thus might have affected the true measurement of urine metabolites

when comparing the control and poetta datasets®® Renal impairment especially affects

metabolite concentrations, elevating or reducing levels of certain amino acids and organic

acids, as well as hugely affecting concentrations of creatinine, since the kidney is an important

organ for urine glomeular filtration 3*° Therefore, it was necessary to have healthy volunteers
participating in this study. On the day of the experiment, volunteers were asked to avoid any
caffeineO2 y i AYAy3d RNAYyl1a Ay (GKS Y2NYyAy3a o06ST2NB |

A 2 4 A x ~

I FFSOGSR o6& FRRAGAZ2YIFE OFFFSAYS> (806 #0SNIAANKY H
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experiment, each volunteer produced a sample of urine before consuming the tea (control),

then he was asked to drink one cup of tea and give urine samples at several time points: two

hours and four hours after tea consumption. These water pooled in one Falcon tube (see

figure 3.2 for more details). ThR2 OdzYSyia RSAONAROGAY I LI NIAOA LN
LI NOHAOALI yiQa O2yaSyid F2NXI KSrintrd undiidzfea G A2y Yy I
Appendix (AR One of the volunteers (mber 10) was later removed from the study because

they failed to meet the specified requirements (the volunteer drank a caffeine product in the

morning before the study began). The other participants fully complied with the study
requirements and their saples were accepted for analysis. The data has been kept

confidential and secure.

Hours (0] 1 2 3 4

Morning urine discarded
(removing any overnight
metabolites)

Control urine

R First (after tea) urine Second (after tea)
collection . . .
collection urine collection
Earl Grey tea Pooled urine samples
intake in one falcon tube

Figure 3.2 Schematic overview of urine sample collection from a volunteer during th
experiment

Human brain tissue study

Human brain tissue (grey and white matter) w@ealzi R2 6y Ay G2 (GKS NBIj dza NB
using a scalpel on a dry ice surface, and were stored in Eppendorf¢tiiee were 24 samples

produced in totalg 12 for each matter, 6 of which weféC labelled and other 6 unlabelled (no

presence of®C, etracted in methanol). The extraction procedure involved several steps
including homogenisation of tissues and addition of various solvents to separate the lipid,
aqueous and protein layers. The tissues were homogenised using a portablaidR & . A 0 0 &
SASYGATFTAO {GdzZ NIIé¢ K2Y23aSyAaSNI Ay GKS I LILINE LINR
or 13C labelled extract in methanol). The volumes of extraction solvent were calculated according

to the exact weight of a tissue (30ul per 1mg weight). After bgamisation, 4°C chloroform

(HPL&rade) and 4°C purified water (HP§i@de) were added to the tissues in a 2:1 ratio,
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followedby vortexY AEAY 3 | YR OSYGNARTdzAlI GA2Y 0@ &l I NNASNJ
The upper layer (aqueous phase) was avdd separately from the protein (middle) and lipid
(lower) layers’® The extracted samples were stored-80°C. The study has been granted an

ethical approval from National Research Ethics Service Committee from East Midlands, UK.

Mouse plasma study

Mouse plasma samples (500uL volume, female gender, aged 3 months andnii@s) were
extracted either with ice cold methanol or labelled extract in a 1:1 ratio, following the same
procedure as described for urine samples. There were 24 samples produced midtaf each

age, 6 of which weré3C labelled and other 6 unlabbetl (no presence of’C, extracted in
methanol). The extracted samples were stored8i°C. Mouse plasma samples were collected
under ethical approval from National Research Ethics Service Committee from East Midlands,
UK.

3.2.3 LGMS analytical run of the saples

LGMS analysis of human urine, human brain tissue and mice plasma samples were performed
with Exactive Orbitraff\ccela Autosampler EX@S with the same validated 18 minutes method,

as described in chapter two, using-pidilic column chromatographyrhis time, the analytical
sequence run of samples was randomised in each experiment, wishap@lytical replicates
(n=3 for each sampleggnd reagent blank (methanol) samples run alongsidentiagn samples,

after a certain interval. Randomisation is udyaderformed to minimise the analytical drift on
samples that is normally present in the analysis of large sample cohorts. Analytical drift often
introduces a huge bias, obscuring the analysis of data and its interpretation. Constrained
independent randonsation between and within sample pairs (e.g. control vs treatment)
minimises the instrument drift bias and increases the accuracy of the?ttRaoled QC samples
were interspaced with the rest of the samples to monitor the stability, robustness and

performance of chromatographic analysis.
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3.2.4 Data processing and multivariate analysis

Normalisation data processing

Putat'S YSUGlF 02t A0S ARSYGATAOIGAZ2Y Ay O0A2FfdzAR |y
Yl al GOKé YR aL59haé¢ LINRBINIYYS s6KAOK sSNB d
details)!*” An unlabelled metabolite peak height intensity value was obtained from IDEOM,

while *Glabelled peaks for every metabolite were located in a-precessed file called

YT al GOKY2dzi Lddzii ¢ 6AGK GKS FLILX AOLFGAZ2Y 2F teéi
calculated by division of thé*Glabelled peak by the unlabelled peak énsities of each

metabolite ¢3CA2C) in eachreplicate(separately for analytical and then biological replicates)

the whole procedurds discussed in chapter 1. For those metabolites which were not matched
withtheir'¥ LIS | &> -BA #@z#SIaBI¢dintetnd gtandards were used inste&(

peaks of metabolites with very similar retention time to metabolite, window rar@89 to +0.09
YAYydziSa0d ¢KS OFf Odzf F G SR y 2 NMInféA aySIE (NI ANBRE (16SS |
to produce PCA and ORDA score plots, to assess normalised dadaiginal IDEOM?C

(unlabelled) peak intensities of the same metabolites,-nommalised data, were also uploaded

02 a{AYOlFI mMné¢d 5ANBOG OadadmdlisetiddLthyfough DPIEERandy | £ A &4 S
PCA score plots was observed. See figure 3.1 famathnormalisation data processing method

and assessment of data quality. Those metabolites which did not have a carbon atom in their
structures or were not detected in several replicates, generating zero peak height intensity, were

not used for normalisgon at all, as the ratios would not be calculated accurately. Once
normalised metabolite data was checked for the quality, it was run through several univariate

and multivariate statistical programmes in order to find any statistically significant métdol

between the two comparison groups in each study, and to compare these results with any
statistically significant metabolites from unlabelled samples. Univariate analysistesa 8nd

FDR correction has been used to generate statistically signifioatabolites, showing data

through volcano plots. Multivariate analysis using GPASvas used to produce VIP scores for
metabolites to see which generated a score of 1.0 or above. The lists from univariate and
multivariate analyses were compared, and tfieal list of significantly changed metabolites

presented.

Other postanalysis normalisation approaches, such as MSTUS and TIC, have been applied to the
data sets of human brain, urine and mice plasma metabolomes as well, in order to compare with
the °C grategy and to determine the most effective normalisation technique. These strategies

were not involved during sample preparation but were applied on already processed plasa

85



processing techniques. Normalisation to creatinine has also been used lyudrohuman urine

data, used on already processed metabolome data (as aprosessing normalisation). As
mentioned in chapter 1, MSTUS normalisation uses the sum of all peak height intensities of
metabolites within a sample chromatogram as a common denator. For each sample
(replicate), the sum of all peak intensities of every metabolite present in that sample was
calculated, then each peak intensity of every metabolite was divided by that sum, generating the
ratios (normalised MSTUS dat&)The calculations for TIC normalisation was done in a similar
manner to MSTUS, where each peak isignof metabolite in every sample was divided by the
sum of all peak intensities. However, before the calculation, original metabolome dataset (peak
intensities) had to be changed into TIC format peak intensities, which then could be used in
calculation @ ratios (final TIC normalised data). That transformation of original metabolome
dataset into TIC format was done automatically by IDEOM function (TIC normalis&tiom.
finally, Creatinine normalisation was performed by dividing peak intensity of each metabolite in
a sample replicate by the peak intensity of creatinine atetite in that sample replicate. The
creatinine normalised ratios were calculat&din all three types of normalisation, the calculated
ratios (normalised data) went through the same statistical analysi€@sormalised data.

Normalisatiorassessment was done for analytical and biological replicates separately.
Identification of 1*C peaks by Python programme (just f5C normalisation only)

To assist with finding the corretiC peak height intensities for each metabolite, the computer
generated Python code (Listassc13-checkACT.py) was specifically written to assist locating

peak intensitiesinarawpieINE OSada SR RI Gl FAES o6avlal G§OK 2 dzi L
of data preprocessing. The code was generated by a colle@lgné-erran Casbas) from Centre

for Analytical Biosciences group, School of Pharmacy, University of Nottingham. The code Python

has been chosen for its accurate comprehensive data analysis commonly used in
bioinformatics3°¢ KS O2RS 62NJ a o6& OKSO1 A y8 peaks Shich YT al G
match the specified molecular weight and retention time (RT) parameters set by ¢éneligers

must edit the script directly to specify the ranges of ppm (5 ppm to set an exact mass) and RT
(small range e.g0.09 to +0.09 minutes). Where the exadt peaks for metabolites could not

be detected, the'*C peaks from celuted metabolites haing the same retention times were

used instead. In this case, the ppm range was chosen to be high with a very strict, small RT range,
allowing the programme to choose af§C peaks having the same retention time as the
investigated metabolite. This Pythoprogram required the libraryxlrd, to read Excel
spreadsheets and the common Python librareandNumPy On average, the Python code was

running for less than a minute, saving a huge amount of time. A manual check verification was
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still performed in @ch data set to confirm the accuracy of the code. The description of the code

can befound in the appendix (Table A4

3.3 Results and Discussion

3.3.1 Human Urine study

Urine metabolome and analytical performance (before normalisation)

A wide range of polar compounds including amino acids, carbohydrates and peptides were
detected in urine samples (overall 723 putatively identified metabolites in common for control
FYR aF FGSNI 4GS 3IANRdAzLIA0O D / KNRB Yl {2 N Yad T NAzZNIK
samples were found to be similar in peak shape characteristics. However, the TIC for the controls
were slightly higher than for the other group. This might suggest that urine samples taken after
ingestion of the tea were more diluted thahe control samples, due to a diuretic effect of
caffeine in the te&!! The fold changes in metabolites produced by IDEOM between the two
groups demonstrated a certain difference in metabolite concentrations, showing either an
increase or decrease in peak integsitalues. Metabolites expressing a huge concentration
difference were later shown throughmultivariate analysis (in OPDB\ models, see figure 3.4).

The QC samples demonstrated almost consistent chromatograms with very similar F)Cs (>E
with an average RSD less than 30% for most metabolites. This was within the acceptable limits

according to the recommended threshold for metabolomics anaky$m3
Normalisation analysis

Before normalisation, almost all of the newrmalised (unlabelled) metabolites were

expressing high %RSD valafi 6 x o0 /82 0 Ay LIS { irhiofogi&weplisdated S& 06 S
and even between analytical replicates tdbis known that urine samples vary significantly in

total solute concentration, presenting a challenge of achieving a high quality d&t&skt.

There is usually a wide intraand interindividual variation observed in metabolite
concentrations between human or animal control replicates, shown in most urine
metabolomics studie&®*33 After 3C normalisation has been applied to the dataset, most
metabolites(more than670 in both groupsghowed a reduction in %R%Dalyticalvariation

(94% of metabolitesn control group an®5%A Yy & ( S I; keingZdkRedsiLlly normalised

either by their’*C paired peaks or by @duted labelled metabolites from the extrackimilar
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observation has been demonstrated when lookingpialogicalvariation with high number of
metabolites expresing reduced %RSDT M2 AY (KS O2y G NRBf @NER dzLJs
Appendix (Table Asshowsnformationon %RSD values for analytical replicately.

Figure 3.3 (Ashows several examples of those successfully normalised metalfulitadoth
analytical and biological %RSD reductiofihey included common amino acids (such-as |
alanine, {lysine and -histidine), a wide range ofrganic acids and carbohydrateBoorly
normalised metabolites, which expressed a higher %RSD than before, or stayed the same, were
found to be mainly lipids and several hydrophilic compounds. They were poorly normalised
because they did not have correspondifdC paired peaks or appropte coeluted
metabolites which could have reduced the %RSD effectilefigure 3.3 (B box and whisker

plots show the distribution of %RSBiologicalreplicatesonly) valuesfor peak intensities of
non-normalised metabolomes and metabolomes normali®y*C, creatinine, MSTUS and TIC
methods.Box and whisker plots demonstrated distribution of %RSD values (black dots), from
lowest to higheswalues (ends of whiskers of the plots) observedgarticular normalisation
method, with upper and lower quaités representing medians of upper and lowest halves of
data. It can be seen that %RSD range for ¥@ normalised metabolome was less variable
(shorter) than nomormalised range, with lower %RSD values generally present. Even though
the median(horizontal line in box and whisker plofpr the normalised range was above 30%
boc Py AYy GKS O2yiNRf 3INRdAzZI podm:> Ay GKS
metabolome significantly improved the accuracy of the data and managed to reduce peak
intensity variation between replicates for most metabolites, confirming that the method is
working well. Normalisation by MSTUS and TIC also showed a decrease in %RSD in peak

intensities of metabolites but not to such aag extent as the'*C or creatinine methodgs

al

showninfigee33(® > (KS O2yGNRf FyR aF FGSNI GSIFé GNBF G

and TIC ranges were similar and a bit lower than in-mamalised). Normalisation to
creatinine managed to reduce %RSDs significantly (from 68.3% RSD%oidGhe control
group, and from 85.9% RSD to 64.3% in the tea group), howeve¥Ghmethod managed to
reduce the %RSD even further, proving it to be the better methibdre wereseveraloutliers
(20 and 31 metabolites in control and tea grouptiichcan be observed fdfC normalisation

¢ those outliers belonged tsome of lipophili¢ Yy R & 2 (i Knitdolites Whibde &BRSD got
worse after normalisation(black dots above the error barsjhe reason for this observation
remains unclear, however there were no match€@ peaks found for those metabolitess

well as some of therwere lipophilic in nature, therefore would not be normalised effectively.
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Therefore, it seems that®*C normalisdion has successfully reduced analytical variation in
majority of metabolites in comparison to other techniques and fmonmalisation. It has also
successfully reduced biological data variation in most of metaboltesng the successfully
normalised metholites, only around 35% in both groups had their %RSD below 30%. Even
though normalisation significantly reduced metabolite data variation for most of metabolites,
%RSD still stayed above 3fiomajority of them. This demonstrated that normalised urige i

still presenting a challenge of obtaining highly accurate data. This could have happened due to
factors such as human age, genetic background, diurnal variation, activity and diet, all of which

contribute towards huge data variatiofi>18!

The multivariate analysis in figure 3.4 showed a clear separation between the two data groups
(control vs tea treatment) in normalised PCA and GPA®Iots (OPLBA Q2 score = 0.887).

The clustering of replicate points on the normalised GPASmodel was also observed,
indicating that normalisation worked effectively by reducing variation betwbadogical
replicates. In unlabelled PCA there was no clear separation between the groups, as the model
was unsupervised and metabolites were not normalised. QC sample replicates in normalised
dataset have shown lower %RSD values than-mmmalised, on asrage, for majority of
metabolites, showing high reproducibility of data and stability of analytical methodology

throughout the analytical run of urine sampl&s.
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Comparison between unlabelled and normalised %RSDs for peak height
A intensities of putative metabolites in human urine samples (before and after
tea) - best examples
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Figure 3.3. Comparison of %RSD between unlabelled and normalised metabolomes. Comparison w
metabolite examples (A). Comparison of %RSD rébiglegical replicates onl\gcross the whole
metabolome (B).
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Figure 3.4. Multivariat@nalysis of urine control and tea treatment data groups using PCA andlP
score plots for nomormalised (unlabelled) and normalised datasejseénreplicate points represent
control, bluereplicate points represertteatment (tea) PC1 and PC2 % \aarce for nosnormalised plot =
75% and 65%, for normalised plot = 82% and 46%, respectively-:-DBP0QR and R2 scores for Rro
normalised plot = 0.62 and 0.72, for normalised = 0.887 and 0.93, respectively.
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Statistically significant metabolites

Univariate analysis throught&st, followed by FDR statistical correction, has shown that 175
normalised metabolites were observed as statistically significant with their p value being less
than 0.05 and large fold changes, while for rmrmalised dataliere were only 84 statistically
significant metabolites detected. This once again demonstrated that using normalisation and
helping to reduce analytical variation in metabolite data improves the data accuracy and
increases the chance of identifying sigrafitly changed metabolites. Volcano plots in figure 3.5
demonstrate the amount of statistically significant metabolites in unlabelled and normalised
samples, showing that among normalised metabolites there were more statistically significant
metabolites (&dove the log p value line p less than 0.05) and a large number of green points
indicating a large number of metabolites with higher fold changes, confirming the statistical
significance of those metabolites.

8r R 8-

7t A Tt B

-Iogm p-value
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-Iogm p-value
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Figure 3.5. Volcano plots showing the amount of statistically significant metabolites with their fo
changes in nomormalised samples (A) and normalised samples (B).

From multivariate analysis using a normaliSBPL®A scores plot, a list of 342 metabolites

showed a VIP score of 1.0 or above. When this list was compared to 175 statistically significant
normalised metabolites from univariate analysis, there were 127 metabolites found to be in
common (top 10 stastically significant metabolites are presented in table 3.1). Most of these
metabolites were of hydrophilic compound class (amino acids, peptides, carbohydrates) and
SELINB&a&aSR I NBS F2fR OKlIly3asSazr AyRAON(GKe I GKI
concentrations, compared to the control. This was an expected observation, as the tea contains

a large amount of caffeine and caffeine related products would have a strong diuretic effect on
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urine, increasing urine volume and its excretion. Therefohe, concentration of excreted

urinary metabolites would be elevatedf

The number of statistically significant metabolites (which passed both univariate and
multivariate analysis) in nenormalised dataset was a lot lower (76 metabolites), demonstrating
how *C normalisation method can improve thiata accuracy and detection of significantly

changed metabolites.

Metabolite Biochemical | Molecular| P value | VIP score| Fold change

Class mass (Tea/Control)
Betaine Amino acids | 117.079 | 1.07E-05 1.279 2.563
Citrate Carbohydrateg 192.027 | 2.15E-04 1.275 1.225
D-Gluconic acid Carbohydrate§ 196.058 | 3.97E-07 1.207 3.677
DL-2- Others 159.126 | <1.00E-15 1.206 1.664

Aminooctanoic acid
Glutarylcarnitine Others 275.137 | 9.35E-05 1.176 1.673
Hippurate Amino acids | 179.058 | 1.86E-08 1.173 2.924
Indoxylsulfate Others 213.015 | 1.79E-06 1.181 1.823
L-Carnitine Amino acids | 161.105 | 1.85E-05 1.152 2.745
N-acetyl-(L)- Others 216.122 | 8.26E-08 1.124 3.485
arginine

Val-Val Peptides 216.147 | 8.63E-05 1.108 1.225

Table 3.1. Top 10 statistically significant metabolites in normalised dataset between cof
and treatment groups. Positive folthanges show the elevation of metabolites in treatmer
group compared to control.
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3.3.2 Human brain tissue study

The metabolome of human brain tissue samples (both white and grey matter) showed a wide
range of metabolites from various biochemical classes including amino acids, carbohydrates and
lipids. There were 692 putatively identified metabolites found in comrhetween grey and
white matter, which were detected in all replicates and could therefore be used further for
normalisation. Before normalisation, only 35% of metabolites (in both grey and white matter)
expressed their peak intensity %RSD variation betwselogicalreplicates as less than 30%,
with the rest showing a huge variation (>30% RSihjs observation was expected to observe,

as the extraction of intracellular metabolites from human brain tissue is often a complicated
process involving severalegts, leading to low metabolite reproducibility and issues in their
detection in LEMS. Different amount of water content in wet tissues and possible metabolite
degradation during extraction contribute to low metabolite reproducibility. Hence, the variation
in peak intensities between the replicates was observed to be Higtariation among analytical
replicates was also observed but not to such a great ext@@treplicates have shown that for

420 metabolites out of 692, %RSD was below 30%.

After normalisation, eound 70% of anaed metabolites (506 in grey matter, 474 in whitaya

been successfully normalised by either th&{t paired peaks or by the presence of other co
eluted *C peaks fronE. coliextract, with their %RS[amongbiological replicates)reduced
significantly ¢ for some metabolites by more than Ha Of the successfully normalised
metabolites, around 75% (380 metabolites for grey, 362 for white) had their %RSD below 30%.
Foranalyticalvariation, %RSD was reduced in almost all of metabolites (95% in grey%rid 92
white matter group).The detailed %RSD values for analytical replicates are shown in table A6
(appendix) Examples of some successfully normalised metalslithich showed reduction in

both analytical and biological data variaticare presented irfigure 3.6 (A Most of these
normalised metabolites were of polar gm, such as common amino acidar@inine, {proline,
I-citrulline), nucleotides (cytosine, guanine, ATP) and other important polar compounds. This
showed that the proposed method wagorking again, effectively normalising the metabolome

data and reducing high variation in metabolite peak intensities between sample replicates.

The remaining metabolites (around 30%) did not manage to show the reductibiological
replicates data vaaition, eithershowing no change in %R8&M0nstead, an unexpected increase,
indicating unsuccessful normalisatiobhese metabolites mostly included lipids and +pmoiar
compounds, for which there was a limited number of internal standards fomoliextract in

the first place, as the bacterium was extracted in polar conditions, therefore it was expected that
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poor normalisation in lipophilic metabolites would be observed. Other poorly normalised
YSilI o2t AGSa AyOf dzRSR a SA®BANIPfeTMPY A6 afhddiakidérid o C! 5
carbohydrates. For these metabolites, there were alsd¥@opaired peaks or esluted internal

standards detected which could have reduced the %RSD. As so, those unsuccessfully normalised

metabolites were left nomormalisd. This demonstrated that this method h&slimitations.

In figure 3.6 (B the following box and whisker plots show the whole range of % RSD values
(biological replicatespf metabolites (grey and white matter) normalised by the propo$
technique as well as by MSTUS and TIC methods. The ranges were compared to each other and
to a nonnormalised range. From both plots it can be seen that the %RSD for a detected
metabolome has been effectively reduced B¢ normalisation, compared to nevormalised

range, as was the expected observatione Thedian and upper/lower quartile values for th€
normalised range were lower than for the nmormalised range (median reduced from 37.5%

to 22.3%) with the overall range being less variable. Compared to $18AdUTIC normalisations,

their %RSD ranges were observed to be less variable than th@ororalised range, with
median values reported to be 30.1% and 32.4% for MSTUS and TIC, respectively. It can be seen
that the MSTUS technique normalised metabolitezeneffectively than TIC (having less variable
range). This demonstrated that the propos&@ normalisation techniqgue managed to reduce

the %RSD for moghetabolites (in both grey and white matter) more effectively than both
MSTUS and TIC methodSevera%RSD values #C normalised data (13 andnTetabolitesin

grey and white matter respectivélywere shown to be above 100%, higher than the hon
normalised maximum value, which showed that some metabolites were not normalised
effectively and therefore dilayed worse percentage valuésutliers). Majority of those
metabolites were of a lipid metabolisand classemcluding few carbohydrates and biosynthesis

of secondary metabolisnsee pages 880 for box and whisker plots explanation.

A normalisationeffect has also been observed by PCA and @AL.3n figure 3.7, bothon-

normalised (unlabelled) ant#fC normalised OPLZA plots show clear separation between the

two data groups (white and grey matter). This separation was the expected observation due t
different metabolic profiling of the two brain matter typé¥ In the nonnormalised OPL-BA

LX 203 GKS &aSLINIGA2Yy 0SG8SSy GKS Gg2 RIEGE &aSi:
lower Q2 valu®bserved (Q2= 0.85 for nemormalised). Analysis 6iGnormalised brain sample

metabolites markedly improved the sample clustering on the @A Score plot, increasing the

Q2 score to 0.969. In the nemormalised PCA model, the two data groups were saigar

clearly, indicating that there was a huge variation present in metabolite data throughout the

samples. The QC replicate samples for normalised metabolome have shown that overall 514
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metabolites have shown %RSD below 30%, compared to 420 metabolibes-mormalised

samples.
Comparison between unlabelled and normalised %RSDs for peak height
A | intensities of putative metabolites in white and grey matter brain tissue samples
(best examples)
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Figure 3.6. Comparison of %RSD between unlabelled and normalised metabolomes. Comparison w
metabolite examples (A). Comparison of %RSD range across the whole metabolome (B).
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Figure 3.7. Multivariat@nalysis of human brain white and grey matter data groups using PCA and
DA score plots for nenormalised (unlabelled) and normalised datasefsénreplicate points represent
grey matter bluereplicate points represenwhite matter. PC1 and PC2 %riance for nomormalised plot
= 48% and 46%, for normalised plot = 52% and 26%, respectivelyDBRRS and R2 scores for Ro
normalised plot = 0.85 and 0.93, for normalised plot = 0.969 and 0.99, respectively.
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Statistically significant metabales

Univariate analysis throught@&st followed by FDR statistical correction, has shown that 585
normalised metabolites were statistically significant with their p value being less than 0.05 and
large fold changes observed. Almost the same result was obséovethn-normalised data,

with 560 statistically significant metabolites detected. This time normalisation did not have a
huge effect on the detection of significantly changed metabolites, even though the data
variation was shown to be reduced. The natofestatistically significant metabolites in non
normalised and normalised sets were very similar (a lot of common metabolites). This showed
that even by reducing the metabolite data variation, it did not help to increase the number of
statistically signifiant metabolites, possibly because the rest of normalised metabolites did
not show a difference in fold changes or was any difference between grey or white matter.
Volcano plots in figure 3.8 demonstrate the number of statistically significant metabilites
non-normalised and normalised samples, showing no real difference in the number of

statistically significant metabolites (above the log p valuedipevalue less than 0.05).

12| 12 -
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Figure 3.8. Volcano plots showing the number of statistically significant metabolites with their
changes in nomormalised samples (A) and normalised samples (B).

From multivariate analysis, a large number of metabolites from the nbsethOPL-BA model
were observed to have a VIP score of 1.0 or alp®@1 metabolites. When compared to 585
normalised statistically significant metabolites from univariate analysis, the common list of

statistically significant metabolites turned out tee 290. The majority of these significantly
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changed metabolites were lipids, peptides and amino acids, all of which are normally present
in large quantities in white and grey brain matter, especially lipophilic compounds. The fold
changes between grey amchite matter were mixed, with half of the metabolites showing high

fold changes and half showing low fold changes (a decrease in concentration). This indicates
that the comparison of white and grey matter metabolites is complex. As this study did not
contain a real treatment group and a control group was difficult to assign (white and grey
matter were treated as equal), the conclusion on brain matter effect is complex to interpret.

Top 10 statistically significant metabolites are presented in table 3.2.

The number of statistically significant nadsolites (which passed both univariate and
multivariate analysis) in nenormalised dataset was 153 metabolites, which was a lot lower

than for normalised dataset, showing once again tH&t normalisation could achieve higher

accuracy resu Its.

Metabolite Biochemical | Molecular| P value | VIP score| Fold change
Class mass (Grey/White)
Deoxyinosine Nucleotides | 252.085 | <1.00E-06 1.794 0.982
Triethanolamine Lipids 149.105 | <1.00E-06 1.463 0.672
5-Oxopentanoate Amino acids 116.047 | 9.516E-05 1.134 -1.019
Ala-Pro-Pro Peptides 283.153 | 4.535E-08 1.523 0.879
Asp-GIn-GIn-Pro Peptides 486.205 | <1.00E-06 1.309 -1.286
Berberastine Others 351.113 | 1.252E-10 1.748 -0.925
2-Oxoglutaramate Amino acids | 145.035 | 6.545E-08 1.434 1.074
[FA (17:1/2:0)] 8E- Lipids 298.214 | 4.264E-04 1.532 -0.473
Heptadecenedioic
acid
Oxalosuccinate Carbohydrateg 190.011 2.35E-05 1.788 1.613
ADP Nucleotides | 116.047 | <1.00E-05 1.223 1.102

Table 3.2. Top 10 statistically significant metabolites in normalised dataset between whit
grey matter groups. Positive folthanges show the elevation of metabolites in grey mat

group compared to white.
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3.3.3 Mouse plasma study

The final validation study was performed on animal plasma samples (female mouse), in order
to observe whether normalisation is working as effectively as in human models. Initial results
with IDEOM showed the detection of 750 putatively identified metabslitin common
between the 3 and 18 month age groups. A large proportion of those metabolites were amino
acids, carbohydrates and other polar biological classes. After normalisation, 85% of
metabolites in the dmonth group and 92% in the I8onth group weresuccessfully
normalised by theit3C paired or ceeluted labelled metabolites, with an observed decrease in
%RSD betweehiological replicates The remaining metabolites (15%nd 8% in 3 and 18
months group} had theirbiological%RSD increased or staytbéd same, the majority of which
were lipids, for which there was néC paired or appropriateo-eluted metabolites to reduce
variation Almost all metabolites (94% inrBonths and 97% in 18onths) had their %RSD
between analytical replicates also droppedsee appendix (Table A7Examples of some
successfully normalised metaltes (for both analytical and biological replicatesk shown in
figure 3.9 (A Although a large number of metabolites svasuccessfully normalised,
demonstrating that the proposed normalisation method was working once again, the
YSil 62f A defrénge Gmang Gnalytical and biological replicates relatively small.
Before normalisation, around 500 metabolites in bottoups already had %RSD of < 30%,
indicating that most nomormalised metabolites did not have a huge variation in their peak
intensity values. After normalisation, 100 more metabolites expressed %RSD of < 30% (around
600 in each group). This showed thatthormalisation technique did not reduce %RSD as
effectively as in previous studies, possibly due to the low data variation between non
normalised metabolites in the first place, which was not observed in brain tissue or urine
studies. Therefore, after naralisation, the effect was not very significant. Such a small
metabolite variability detected in the nenormalised state could be due to the nature of the
samples (mice plasma with similar genotype, weight and environment throughout their lives)
and the «traction technique that did not involve many steps, reducing possible variation at

the beginning®’

In figure 3.9 (B %RSD randéor biologicalreplicates)is shown to be different between nen
normalised and®C normalised metabolomes, with median values of 18% after nisat®n
and 25% beforef@r the 3month group); 18% after normalisation and 23% before (for the 18
month group). The outliers indicate those metabolites which were not successfully

normalisedand had their %RSD increased instead of decreds®tever thee were not a lot
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of outliers detected compared to previous two studieAmong outlierswere few lipids,
carbohydrates and two peptidesEven though a significant difference between non
normalised and®*C normalised data could not be seéi€; normalisatia has still shown better

results than MSTUS or TIC methdslse pages 880 for box and whisker plots explanation.

Figure 3.10 shows multivariate analysis of mice plasma data. A clear separation between data
groups (3 and 18 months of age) was observedannormalised and normalised ORD3
models with high Q2 values (0.927 and 0.997, respectively). This was the expected observation,
as the %RSD of narormalised metabolites was already small, so the cluster of replicate points
on both OPL®A models wasimilar. In all four plots (nenormalised and normalised PCA and
OPL®A models) the separation between the groups was clear. In this validation project,
normalisation did not have much influence on data variation between replicates or improve

the accurag of the results.
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A Comparison between unlabelled and normalised %RSDs for peak
height intensities of putative metabolites in 3 and 3®onth old

% RSD

mouse plasma samples (most common examples)
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Figure 3.10Multivariate analysis of mouse plasma 3 and 18 months age data groups using PCA an
DA score plots for nenormalised (unlabelled) and normalised datasefseénreplicate points represent
3 months agebluereplicate points represent8 months agePC1 and PC2 % variance for smommalised
plot = 49% and 21%, for normalised plot = 55% and 32%, respectivelyDBR)Sand R2 scores for Ao

normalised plot = 0.92 and 0.95; for normalised = 0.97 and 0.99, respectively.
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Statistically significantmetabolites

Univariate analysis through-t€st, followed by FDR test, has shown that 514 normalised

metabolites were observed as statistically significant, with their p values less than 0.05 and large

fold changes. Nomormalised data has shown similar number of sally significant

metabolites (465). Once again with the help of normalisation, a rise in number of significantly

changed metabolites was detected. The volcano plots in figure 3.11 demonstrate the number of

statistically significant metabolites in ngrrmalised and normalised samples.

-10 -5
Il}gz fold change

1
-10

Iogz fold change

Figure 3.11. Volcano plots showing the number of statistically significant metabolites with their fo
changes in unlabelled samples (A) and normalised samples (B)

From multivariate analysis, a large number of metabolites from the normalised-D® b del

were observed to have a VIP score of 1.0 or abp#87 metabolites. When compared to 514

normalised statistically significant metabolites from univariate analyie, common list

contained 338 metabolites. The majority of those significantly changed metabolites were lipids,

carbohydrates and other biochemical classes, all of which are commonly present in plasma

samples. Even though, with the normalisation, a largember of significantly changed

metabolites could be seen, it was difficult to
R2SayQia asSSy G2 o6S

interpret the difference in fold changes. There

Ot SINJ O2y Of dzaAz2y I &

different age groups of mice, or if agémice has had any effect on metabolite concentrations.

Table 3.3 shows the top 10 statistically significant metabolites with variety of fold changes. The

number of statistically significant metabolites (which passed both univariate and multivariate
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analysis) in nomormalised dataset was 276, lower than#& normalised dataset, showing that

normalisation technique helped to detect more statistically significant metabolites.

Metabolite Biochemical Molecular| P value VIP Fold change
Class mass score | (18 months/3
months)
[PR] Vitamin E Lipids 459.477 | 1.288E-04 | 1.153 1.029
15-Keto- Lipids 370.275 | 1.34E-06 1.077 1.514
prostaglandinE2
2-Methyilcitrate Carbohydra | 213.066 | 7.79E-07 1.109 -0.802
tes
Hydroxytetradecanedioi Lipids 288.224 | <1.00E-06 1.015 1.678
cacid
D-Glucono-1,5-lactone | Carbohydra | 184.067 | <1.00E-06 1.109 1.281
tes
Cer(d18:1/23:0) Lipids 676.757 | 3.31E-05 1.126 -0.616
Glucosylceramide Lipids 739.698 | <1.00E-06 1.148 0.936
(d18:1/16:0)
Glycerophosphoglycerol Others 252.073 | 3.68E-05 1.113 -0.698
LPA(0:0/18:1(92)) Lipids 457.328 | 3.92E-07 1.152 1.032
Myristoylglycine Others 301.283 | 2.18E-05 1.141 3.778

Table 3.3. Top 10 statistically significant metabolites in normalised ddiasgeen 3 and 18
months age groups. Positive fatthanges show the elevation of metabolites in 18 months
group compared to 3 months age.
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3.4 Conclusion

The normalisation technique, using'®ClabelledE. colextract as a source of internal standards,
has fully demonstrated the effectiveness of reducamglyticalvariation in peak height intensity

data for a large range of metabolites in three different types of sampleduction irbiological

data variationhas also been observed with excellent resuftainly in human urine and brain
projects In all three validation experiments, a large number of putative metabolites were
successfully normalisegtheir %RSD of peak height intensitietween analytical antiological
replicateswere reduced significantly, in some cases by more than 50%, showing a reduction in
whole data variation. The experiments also demonstrated improvement of witidividual
sample clustering on normalised OHDS models with high QZeres, mostly shown in human
urine and brain tissue studies. When statistical analysis involving univariate and multivariate
techniques were applied to the nemormalised and normalised data, a large number of
statistically significant metabolites were @sted, especially in normalised data, proving once
again that normalisation helped to improve the data accuracy and detect more significantly
changed metabolites. In comparison to different normalisation techniques such as MSTUS, TIC
and creatinine, the mposed®C technique was shown to reduce data variability much more

effectively.

With the help of'*C normalisation technique in reduciragalyticaland even biological data
variation, it may serve a huge benefit when applied in untargeted metabolomasvide range
of different mammalian tissues and biofluid samples. As demonstrated through validation
experiments so far, this method has achieved excellent results in improving data quality of
human urine, mouse plasma and human brain tissues, and eveaged to help detect more

number of significantly changed metabolites than in mmrmalised data.

In the past, *3C normalisation has been more applied in targeted studies for absolute
guantification of metabolites and measuring metabolic fluxes, showisgccessful
results1819.208yery rarely that the studies employé#C isotopes in untargeted metabolomics,
and if so, for different purposes rather than for normalisation of a wide range of mammalian
metabolites. One study has used a softwaréCXIS, to track®C isotopic labellig patterns of a

wide range of metabolites in untargeted study with rat brain tumour samples, however this
technique was not used as a normalisation but rather like a detection study, revealing significant
labelling patterns of metabolites to help monitor etabolic pathways$!® Another study

demonstrated the use of 3C normalisation in a wide range of metabolites in marine
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environmental samples for ecological metabolite profiling, rather than in mammalian samples,

normalising data effectivel§f®

Therefore, there is a gap in metabolomics research for an effective accurate normalisation
method usingstable *C labelled internal standards imtargeted mammalianmetabolomics

that can be applied in clinical studies for biomarker discovery and other related biological
questions. The validated proposétC technique, using an isotopically labelled baealezxtract

as a source of labelled metabolites, has shown a promise of an effective normalisation in a wide
range of metabolites in human urine and brain tissues, as well as in mouse plasma, so is now

ready to be applied in future clinical untargeted stesl
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Chapter Four

Urine and plasma metabolomics
analysis following an oral saturated
fat meal intervention study In
healthy volunteers
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4.1 Introduction

4.1.1Dietary intervention: its purpose and complications

Nutrition (or dietary)interventions can have a positive impactlong termtreatment of serious
human health conditionsThe prpose ofthis class ofnterventiorsis to resolve or improve the
nutrition diagnosis and associated problems by providing an advice, education or delivery of
food component of spefic diet tailored to theneedsof the patient3!®32°Dietaryintervention
usually focuses on adjusent of personal diet okating certain types of foqdto improve
AYRAGARIZ £ Ba LANINI2AH aK2S | G G K (SARR yidditiSrialn@@rfersdzNg:
provided separately fnm diet, such as supplements (vitamins and minerals medications) have
also assisted healthcare professionals in treatment of specific diseases in paBenesally,

poor diet in a human organismmay lead tocomplicationslater on such as malnutritio??,
diabete$?, osteoporosi¥4 renaf?® and cardiovasculaproblems?¢, as well as some sorts of
cancer’?’*2Thesecomplications may arise due to lack or gain of cerfaod nutrient(s), for
example rise in glucose in diabetes or decrease in vitamin D in osteopévesisding to World
Health Organisation (WHO}he nutritional targets by 2025, which were endad by
organisation in early 201are to greatly reducemalnutrition, diabetes and other associated
complications by providing excellent dietary intervention plansexpected reduction in
malnutrition in 40% world chilgopulation under 5 years of age, 50% reduction of anasm
women of reproductive age andsiop in rise ofdiabetes and obesityas well asnany other

aims3s2°

Dietary interventionusually belongs to aon-pharmacological treatmentwhere theapeutic
medications are not useahdinsteaddietary supplementsogether with diet change is applied.
There is some evidence that specific qamarmacological therapies, such as cognitive training,
may assist in dietary intervention programme for patient, by improvaagnitive function,
behaviour, mood and quality of life of amdividualto help to make the right decisions about
balanced healthy diet®® Selfmanagement of chronic illness by regtihg a dietthrough
intervention is seen as a full responsibility of a patient, and as such, presents with complications
including norcompliance (not following an intervention plan thoroughly). With this in mind,
patient may find it difficult tacontrol the diet and follow the intervention plan correctly, hence

affecting ther treatment.33!
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4.1.2Effect of dietary intervention on human metabolism in complicated
diseases

Asdiscussedn chapter one, human metabolism is hugely affected ducomplicated and long

term diseases such aeancers, rheumatoidarthritis, osteoporosis, diabetesand other
inflammatory conditions Metabolites which are affected by these conditiorere usually
involved in important metabolic pathways such as glycolysis, Krebs cycle, immapanse
pathways, which regulate the physiological processes in human organisms. By changing certain
dietary requirements or nutrientas a part of a therapy againdiseasecan influence biological

levels and activity ofertain metabolitesin important pathways, andherefore can have an

impact on the disease condition

In diabetes type 2ondition for example, nutritional intervention plays an important part,itas
helps to regulate levels of glucose, high levels of which is believed to cause the condition.
Healthybalanced diet andeduction in high saturated fatsugars and high cholesterol may help

to reduce glucose levels in blood. Diet interventicem play an important part in promoting
weight loss among overweight individuals who are prone to develop diabet&sprediabetes

stage therefore preventing the condition to delop3*? Intervention involves avoidance of
processed food (starches and sugars) msteadconsuming low carbohydrate diet (@etables,

fruits, whole gains). However, several studies have demonstrateat tutrition is one of the
difficult aspects in management of diabetes type 2, due to-compliance from patienttaking

a strict dietover a long perid oftime. Consumption of meals with high fat content, in particular
those containing saturated fatao cause an impairment in the action of the hormone insulin to
promote the use of glucose (sugar) in skeletal muscle (insulin resistance), a key element in the
pathogenesis of type 2 diabetes, whereas liquid meals high in polyunsaturated fat content (such
as fish oil) can be protective. However, little is known about the effects of high fat meals with
different fat composition on muscle protein metabolism in sedentary middjed
overweight/obese individuals, a population that is susceptible to type 2 tkaband age

related decline in skeletal muscle mass.

Metaboliteswhich aremostly affected by high fat diedre likely to be biomolecules such as
enzymes, hormones and cell receptors acting in the pancreas (beta cells) and liver, regulating
utilisation ofglucose and insulin secretions, therefore may be potential biomarfeenslated
disorders such as diabetes, obesity, renal impairm&hese metaboliteare normallydetected

in mammalianurine and plasma but they might also be detected in endothelgdues in a

variety of organs, including skeletal muscles where metabolbased pathways are altered
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significantly®* wS OSy i GSOKy2ft 23A0I f I R y O Sallectidigy a2 YA
information on metabolites, lipids, peptides and other macromolecules over the years, in
patients with diabetes types 1 and 2. They have managed to detect a variety of statistically
significant metabolites between healthy and diabetes clingaahples in humans and animal

models (urine, plasma, fat and muscle tissues), which were proposed as potential biomarkers.

Some of the potential biomarkers were found to relate to vascular function or tissue damage
caused by diabetes, with organ complicais (impaired retina of an eye, heart blood vessels,

kidneys, liverf3*235Therefore, itcan be assumet expectsimilar metabolic chages in healthy

overweight individuals who are consuming higlh meals and can easily develop sfi@betes

condition 336

The example of commonatistically significant metabolites detected in individuals in diabetes,
pre-diabetes or higkHfat meal diet interventions are usualbxidised forms of moleculeknown

asa I Rl y OSR AINE RIdZON ZwhiclHsulR 8xddati¥e stress in a varieticells

and tissues, resulting in molecular damageimalderived foods that are high in fat and protein

are generally AGEch and are prone to further AGE formation during cookiBgamples of
AGEs include cholesterol (oxidised form of 4dewsity lipgrotein, LDL), ferythrulose and
oxalate (oxidised products ofdscorbate), and ciaconitate (oxidised form of citrate). AGEn

cause further complications including cardiomyopathy, nephropathy, retinopathy and
neuropathy, so their levels are constantiigh in biofluid and tissue samples individualth

high glucose levef§” AGEs are known to interact with theiellular receptors such as RAGE,
lactoferin and scavenger receptors. The activation of those receptors lead to oxidative stress
and activation of mitogesactivated protein kinase (MAPK) signalling path#éyn coronary
arteries, glucose crosslinks with collagen protein and forms a complicated AGE, activating MAPK
pathway and causing vascular stiffening of arteriallsydeading to cardiovascular issues such

as stroke or coronary heart diseagehas been established that generally a high fat/glucose
diet can induce metabolic syndrome, also known as constellation of metabolic disorders, and so
can lead to oxidativetsess and formation of AGEs, which may be present in other related
conditions¢ dyslipidemia, obesity, hypertension. Therefore, AGEs are worth investigating as

potential biomarkers in thoseelated clinicatonditions?38
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4.1.3Justification of thedietary intervention study

In this dietary intervention studyjSkeletal muscle protein metabolism and insulin sensitivity
Ay 2 @SNB SA I iganised ByAhE SdRatzl of LdetSEiences, University of Nottingham,
several overweight but otherwise healthy individuals were recruitegrovide their urine and
plasmasamplesafter consumption of a high fatty meah order to observe the effects athis

diet on metabolic activity in skeletal musclesThe main aimof this clinical study was to
investigatewhether meals with a high fatty acid composition can impairdahton of insulin in
promoting the ug of glucose in skeletal muschey giving healthy volunteers a liquid meal rich

in saturated fat. It is thought that high saturated fat reduces the ability of muscles to synthesise
new protein in response to dietary @ein intake, which ultimately may compromise
maintenance of muscle size and quality of life, as well as causing an impairment in the action of
the hormone insulin, thus promotingpnditions such as type 2 diabet&8So far, little is known
about the effect of saturated fat on muscle performance and insulin action in matyd
overweight individuals, who are more predisposed to diabetes tyddn@refore, this studyas
designed to answer this question ah@lp scientists and clinicians to better understathe

effect of high fat diet orskeletal muscle physiological quality

This study involved a series of experiments, including collectiaminé and plasmaamples
from those individualsanalysis using a variety of clinical te@iood pressure monitong,
cholesterol levels te3andmetabolic profiling experiments$-or the purposes of this thesifie
proposed LS method with an advanced @AC normalisation techniqubas beermapplied
on plasma and urine samplés assist irsearcling statistically significant metabolites affected

by this dietary intervention (saturated fat consumptia@@mpared to control (no intervention)
The followingobjectives were set up for this study:

Toextract and perform LMS analysis on urine and plasma samples, usingfQ)ormalisation
methodthat has been validated in previous chapter

To identify putative metabolites in urine and plasma samples

To identify urinary and plasma statistically significant metabolites whiein differentiate
betweencontrols(no dietary interventionand treatment ¢interventioré) samplesand givea
rough idea of potential biomarkers fepnditions likediabetes type 2.

To link those statistically significant metabolites to metabolic pathways and answer the

biological question of the study with regarttseffect on skeletal muscle performance.
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4.2 Materials and methods

4.2.1 Study design and sample collection

Urine and plasmaample collection

As stated earlier, urine and plasma samples were collected over the course of two days from
middle-aged, oveweight, healthy male volunteers (460 years old) for this study. Before being

accepted for the study, volunteers were carefully selected by undergoing medical screening

(blood pressure, heart rate, weight and height measurements) and by meeting the health
requirementsg non-smokers and no history of diabetes or cardiovascular disorders. Following
screening, six volunteers were selected. On the day of an experimentyelttieer wasasked

to consume an oradtandardised drink containing 30 g of milk priot&nd 75 g of sugar in 250

ml of water. The sugar in the drinkas included to stimulatéhe secretion of the hormone

insulin. Two hours later, each volunteer wasked to provide a urine samp(érst time point

collection) and then two more urine sames$ four hours later (second time point) and after a

further four hoursat the end of the tria(third time point) Blood (plasma) sample collection

was done simultaneously, once every hour, including at the same time points as the urine
collections. For tb plasma collection, each volunteer was asketid@n a bedhroughout the

experiment (about 10 hours), only getting up to produce urine sampMsthe start of
experiment,two small plastic needlesereinserted intod2 f dzy § SSNDa @&%anyg I G G K
and the forearm of the contralateral arno collectblood samples at regular intervatsonce

every hour. The first time point collection was two hours after ingestion of a drink, then the

O2ftt SOGA2Y 2F o0ft22R &l YLX S& F2NJ T2dzNJ K2dzNBE &
LRAYyGE O2ft SOGA2Y FyR |G n&l®urBohrR af podlédDload i K A NR
samples). For the control samples collection, each volunteer was given a drink of 250mL of water

mixed with 75g sugar only (without milk proteins), and the collection of urine with plasma
samples were performed in the same nmeer as described earlier, over a 10 hour period but on

a different day. To make the study more unbiased and randomised, a volunteer did not know

2y SKAOK RIF& KS ¢6+a IABSYy | aO2y(NREE 2N dYAf
threeccontroéay R G KNBES G RA S0 IANEY LX B&ES RIFS gtadmagid, 12 y R LI |
samples fron each volunteer. See figure 4dr more details of sample collection. During the

study, one volunteer could not produce urine and plasma samples at the first timevsben

he was giva a milk protein drink (interventiosamples), so he only had five samples each of

plasma and urine by the end of the study. The collected samples were aliquoted and kept in a
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80°C freezer. The whole study was revieveedl approved byhe University of Nottingham,
Medical School EthicSommittee.

“Milk protein
drink” ar Control 17 time point 2M time point 3" time point
ingestion collection collection collection
0 hrs 1hr 2 hrs 3 hrs 4 hrs 5hrs 6 hrs 7 hrs 8 hrs 9 hrs 10 hrs

samples 1 | |
samples rtT 1111111

Pooled blood samples for Pooled blood samples for
second time point third time point

Figure 4.1. Simplified schematic diagram of urine and plasma samples collection at specified re(
intervals from each volunteer, either taking control or intervention sample.

Sample traction and preparation

For each experiment, the same number of biofluid samples and their replicates have been
analysed. As mentioned earlier, one volunteer could not produce urine or plasma samples at
the first time point collection in the main studso he has only five samples of each biofluid, as
opposed to the other five volunteers who managed to produce six samples of each biofluid. The
collected biofluid samples were aliquoted into smaller volumes (2mL Eppendorf tubes) and kept
frozen in-80°C coditions. The final samples were prepared by mixing a small amount of each
aliquoted biofluid sample (0.5mL) with 0.5mL of-{&0) labellecE. coliextract (in 1:1 ratio) by
pipetting them into fresh Eppendorf tubes, followed by vortex mixing for one mirmune
centrifugation at 13000g at 4°C for ten minutes. The supernatant was collected from each
Eppendorf tube (sample) and transferred into fresh Eppendorf tubes (containing polar
metabolites). From each of these Eppendorf tubes, a 200uL volume was tradsigo an LC

MS vial, making the final sample. So in total, for each experiment (urine or plasma), there were
35 final samples, mixed with labelled extrarthiological replicates in this study were the
volunteers (n=6). The design of samplepgakationis shown in figure 4.ZThe fully prepared

final samples (35 of urine, 35 of plasma) were store@@7C conditions before H@S analysis.

The preparation of urine and plasma samples was done in a randomised order.
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plasmasamples prepared for one volunteer (biological replicate). The same procedure hag
done for the other five volunteers.
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4.2.2 Materials, chemicals and {MSanalysis

Analytical LBAS mobile phases (HPg&de acetonitrile, 20mM ammonium carbonate in

purified water), zipHilic column, system blank (acetonitrile), ari82authentic standards have

all been used during the analytical run of samples. ThiM&Grstrument was chosen to be
hNDPAGNI L) a{ O669EIOGADBSED O2dzLd SR 6AGK a! OOSt |
used in previous experiment$he description and sources of these materials, chemicals and

instrument have been previously described irapter two (sections 2.2.1 and 2.2.2).

The analytical run of urine samples was done on a separate day from the plasma samples run,
with both sequences being randomised. For each metabolomics analysis (urine or plasma), a
pooled QC sample was prepared biximg an equal amount taken from each sample. In each
experiment, six injections of pooled QC sample were analysed at the beginning of the run to
condition (stabilise) the column before the analysis of randomised clinical samples. A pooled QC
sample was thn injected once after each randomised seven samples for the purpose of
monitoring the stability, repeatability, robustness and performance of an analytical run. A
reagent blank (methanol) was injected alongside every QC to minimise any possible carryover

effect.

4.2.3 Data processing and statistical analysis

For each experiment (urine and plasma), an identical data processing method with the same
a2F0Go6I NB KFra oSSy FLIWEASR G2 + REGEF asSdy a- /|
for metabolite puative identification, a normalisation analysis using Excel and Python tools,

Ydzt GAGEFNRFGS | ylFfeara dBAAps VIR {sdorg Cdiculatioh) ardt / ! |
univariate analysis (fest, FDR correction, volcano plots) for key metabolite identifica The

details of the software analysis are described in chapters two (section 2.2.3) and three (section
3.2.4). The overall results (particularly a list of key metabolites) from plasma and urine
experiments were then compared to each other to see thmilarities and draw an overall

conclusion.

In each experiment, the raw data files from each sample and biological replicate were grouped
according to a collected time point drcondition (control or intervention For example, in the
urine experiment, irorder to do a correct data processing in IDEOM, 35 raw data files (samples)

were grouped into three control groupss{12™ and 3¢ time points) and three intervention
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groups (&, 2" and 3 time points) with six biological replicates (volunteers) iclegroupg

SEOSLIi Ay 2 y'SimeDobil deed¥entiriK SKIGhR FTASS o6A2f 23A0!I f
patient could not produce a sample. Once the list of putatively identified metabolites was
generated, showing a number of detected metabolites in eamfdition group, further analysis

was performed on metabolite peak height intensities for normalisation. The same approach as

was performed in chapter three in the validation experimentsoived generating ratios of
BBCA2Cpeakheight intensities for eesh metabolite in each biolagal replicate for each group.

13C peaks were identified using the proposed Python code, used in the validation experiments.

The assessment of normalisation, by calculating percentage RSD values, was performed to check
thequaliieé 2F GKS RIFGFZT odzi KNEHNMI@EAYRRe O2NILE NBSRNJIG

techniques, as it is beyond the scope of this chapter.
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4.3 Results

4.3.1 Metabolomics analysis of urine and plasma samples
LGMS analytical performance

Analytical runs of both urine and plasma samples have generated clear spectra with distinctive
YSGFo62f AGS LIS 1 mndkd Békgraund/nois® or taiafder effegts. Spectra
of QC samples in both experiments also showed clear peaks Wit ligvalues, demonstrating

a good analytical stability of sample metabolites and reproducibility. The shape of the spectra
peaks of QC samples was found to be similar to the control and treatment spectra, with some
peaks identical, showing that the QC gdes contained the same common metabolite peaks as
the actual samples. Examples of some spectra graphs are showredolkbwing pages in

figures 4.4 and 4,5or urine and plasma metabolomes, respectively.
Metabolite profiling of urine samples

There were 750 putative metabolites detected overall in human urine samples (679 of them
were found in both control and t@ment groups). The majority of detected metabolites in all
analysed urine samples were amino acids, peptides, carbohydrates and other biochemical polar
classes, with a certain proportiaf lipids (hydrophobic) class. The composition of biochemica
classs is shown in figure 4,3above. It was expected that a large number of hydrophilic
compounds would be observed, as the extraction of urine samples was performed in hydrophilic

conditions with a polar extraction solvent{€C labellecE. colin methanol)

Human urine metabolome composition in control and
treatment group samples (overall results, on average)
B Amino acids

u Others
m Carbohydrates
Peptides
H Nucleotides
m Biosynthesis of secondary

metabolism
H Lipids

Figure 4.3 Composition of putative metabolites in humarmne samples (control ang
treatment groups) according to biochemical class.
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For multivariate analysis, the decision had to be made on how to compareatieol and
treatment (interventior) groups effectively, in each of plasma and urine experiments. It was
RSOARSR (2 O2YLJI NB SI OK GAYSstinie poyitidatahsgt withdzNJy/ =
G Ly G S NIPSiyicipbi giata set, and so on. So, there were three matrix tables generated

for each time point data set, in both plasma and urine experiments. Based on these matrix tables
containing normalised data (ratios), R@nd OPLBA plots were constructed in the same
manner as in the validation experiments. VIP score analysis was done in everp ®pBlog

choosing metabolites with a score of 1.0 or above only.

Univariate analysis was performed on the same grouped datased in multivariate analysis
FT2N) SI OK SELISNAYSYy(l dzaAy3d at NBaYé az2Fdsl NB=
between control and treatment groups for each time point (three lists for plasma and three lists
for urine experiments). fle parameters for FDR anetdst were chosen to be the same as in the
validation experiments in chapter thrée value of less than 0.05, FDR rate 5Pl lists were
then compared to their corresponding multivariate VIP score lists to produce finalofists
statistically significant metabolites. These metabolites wéentcompared to literature to see

if any of them are normally affected by high fat dietary interventias well as comparing them
between urine and plasma data to see the similarity. The ¢banges obtained from univariate
analysis and IDEOM were used to decide whetihese metabolites werelevated o decreased
RdzNR y3 KS cantlifod @marsd/idithezontol.
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Metabolite profiling of plasma samples

There were 580 putatively identified metabolites detected in all plasma samples (526 of which
were present in both control and treatment groups), showing that extracted plasma samples
contained a lot fewer metabolites compared to extracted urine samples. The majority of
detected metabolites in plasma were amino acids, carbohydrates, other biochemical classes and
a large proportion of lipidésee figure 4.6)Once again, it was expectétht a large number of
polar metabolites would be observed due to the nature of the samples and an efficient
hydrophilic extraction technique. A large number of lipid species (triglycerides, sterols,
phospholipids) were also detected as they are commoalyndl in human and animal plasma
samples®*®Metabolomes of urine and plasma control and treatment samples had a significantly
large number of metabolites in common when biofluid samples were compared directly.
However, there was a large difference in fold changes showed by IDEOM software in the
metabolites of urine samples (control vs treatment), and the same difference was observed in

plasma samples.

Human plasma metabolome composition in control and
treatment group samples (overall results, on average)

E Amino acids

m Carbohydrates

m Peptides
Biosynthesis of
secondary metabolism

H Others

m Nucleotides

W Lipids

Figure 4.6 Composition of putative metabolites in hunp@smasamples (control ang
treatment groups) according to biochemical class
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4.3.2 LEMS analytical performance and normalisation in urine and
plasma samples

Analytical performance

In the previous section, 4.3.1, th@ectra graphs of urine and plasma samples (control and
treatment groups) alongside their QC samples were shown to have a clear peak signal response
with high TIC values and high signal to noise ratios. A relatively large number of putative
metabolites werealso detected in both types of biofluids, across different samples and
replicates. This demonstrated a good analytical performance of akl$% @nstrument and
sample preparation, without any unnecessary contamination and background noise. QC analysis
had to be done in more detail to assess the sample extraction and preparation consistency, and

experimental reproducibility.

In the urine experiment, the seven QC samples were analysed by IDEOM saftivarf@st six

QC samples in the analytical run were matluded in data processing, as they were used to
stabilise the system. The peak height intensity of every metabolite in each of the seven QC
samples was calculated and percentage RSD values were determined to observe the degree of
data variation of metablites between QC samples. It has been observed that the majority of
detected metabolites (604 out of 750 metabolites) expressed an RSD of less than 30% between
QC samples that is before normalisation calculations. This showed that there was not a huge
degree of variation between sample metabolites, demonstrating accurate QC sample
preparation, and therefore demonstrated small analytical variance in metabolite data

throughout all urine sample preparations, analysis and data processing.

Plasma QC samplesave demonstrated a similar result, with the majority of metabolites (520
out of 580) showing an RSD of less than 3Q%efore normalisation. This once again
demonstrated the high accuracy of QC sample preparation and small analytical variance

observed in e data.
Normalisation data analysis

Once the normalisation analysis has been applied to datasets of urine and plasma samples,
percentage RSD values of peak height intensities of every metabolite between biological
replicates (volunteers) were calculaté@deach control and treatment group, in the same way
that the data was normalised in the validation experiments in chapter three. The following
numbers of successfully normalised metabolites (with their percentage RSD decreased

compared to nomormalised)were calculated in the urine sample groups. Out of a total number
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of detected metabolites in each group (679), the number of successfully normalised metabolites
GSNEBY GUAYWENREMYT ¢pn D™l A ¥ 62 YRANFH EWPPEHT a02y
GAYS ¢fRrpdoysiéy 1 oz Tl & ¥ 8B ¢BWMBI &y ymdda: TG A YSB LR X FYi é
CHHI dmdc: T & ¥ BB ¢85 $ib%. One can see that in all groups there was a

large number of metabolites successfully normalised'iy lakelled internal standards'iC

paired or ceeluted °*C peaks). Most of those successfully normalised metabolites were present

in all groups, as they were normalised by the same internal standard present in all of the
samples. A proportion of metaboliteséach group could not have been normalised successfully

(their percentage RSD was increased compared to-nwmalised), because of the lack of

suitable internal standardg,These were found to be mainly lipid metabolites.

In the plasma samples, the samelotdations were performed. Out of a total number of

detected metabolites in each group (526), the number of successfully normalised metabolites
GSNBY GTHAYWENRIAWI €T 0 DT T A ¥ OS2 YIWEFT c HPP W T aO2y
GAYS ¢aAYG§ ™MD THIAINES I¢RME/HEY mdc:: TGa YSE LR X FYié
nnoX Tc ®c: TY0ANVNES ILIVASARIB®6).cONce again, the normalisation in the

majority of detected metabolites in each group was successful with a large number of
normalised metabolites having a much lower percentage RSD than before. Those metabolites

which were not successfully normalised, did not have a suitable internal standard that could

have lowered their percentage RSD.

It was noticed that the plasma metalmmne in all of the groups (control and treatment) was not
normalised as effectively as the urine metabolomen average, around 70880% of plasma
metabolites had their percentage RSD decreased, compared to an averagec®080%if urine
metabolites. The min reason for this was the lack of suitable internal standards found for
plasma metabolites, as a large proportion of detected plasma metabolites belonged to the lipid
biochemical class, for which a limited number of internal standards were present-QU)

labelledE. col{the same source of internal standards leeen used in both experiments).
Multivariate analysis

The normalised metabolomes of plasma and urine sampf&s'{C ratios) were arranged in

matrix tables (see section 4.2.3) and pasfeugh multivariate analysis to obtain PCA and

OPLSDA plots, for further statistical analysis. For PCA and -DRL&ore plots, it was decided

GKIFIG GGNBFGYSYyGé INRPIXBIOI F TEDdSR @8 ¢ EKS R | diAl
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For the urine normasied metabolome, the PCA and Off1/Sscoe plots are shown in figures

4.7, 4.8 and 4.9. Figure 4shows the PCA score plot of &l urine control and intervention

groups as well as QC samples. The QC samples are shown to be clustered in the middle of the
score plot, clearly demonstrating once again the high reproducibility of metabolite data in all of

the samples and low variation betweenpteates. The control and interventiogroups are

aSLI N GSR FTNRBY SIOK 20KSNE ghowinKo b8 tluStéred WellR dzLIQ &

demonstrating good normalisation and highly accurate data with reduced data variation.
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Figure 4.7 PCA score plot of all the urine groups and QC samples

Figure 4.8hows three PCA O2 NB LJ 2 (& 2F GOrdgpdiaNBrée dideiientA y i S NI
time pointsc the time points at which urine samples were collected. There is a clear separation
between the d@ta groupsin all three plots, as expected, due to the difference in metabolite
concentraton between control and interveion state. The clustering effect is observed but not

to such an extent as in h\OPL®A models. In figure 4,%hree OPL®A models show exactly

the same effect of clear separatidetween control and interventiogroups in all three time

points groupsThere is a good cluster of replicate points in all three APA Plots, especially in

0KS GOKANR GAYS LRAYGE LR 94gforeha firsktimé pomtfploty H & O 2
0.963 for the second and 0.972 for the third. This demonstrated gooanalisation of
metabolites, reduced data variation and improved data accuracy, as well as a clear difference in
metabolite activity between control and interventiogroups. Urine data was promisifg the

identification of statistically significant maolites
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Figure 4.8 PCA score plots of control vs intervention groups at first (A), second (
third (C) time points.
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Figure 4.9 OPLIBA score plots of control vs interventignoups at first (A), second (B) ang
third (C) time points. Q2 scores were 0.948, 0.963, 0.972 for A, B and C score plot

respectively.
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For the plasma normalised metabolome, the PCA and ORLS orelots are shown in figures

410, 4.11 and 4.12. Figure 4.30ows the PCA score plot of #ile plasma control and
interventiongroups as well as QC samples. This time, there is a very poor separation between
groups with some replicate points from differegroups found to be all over the plot. Even
though the data was normalised, an unsupervised PCA model containing all the data groups
does not show clear separation all of the time. QC samples are observed to be in the centre of
the plot, once again showy the good reproducibility of sample preparation and analytical

performance during the experiment.
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Figure 4.10. PCA score plot of all the plasma groups and QC samples

Three PCAcore plots (figure 4.)Jandthree OPL®A plots (figure 4.1)2are show for different

time points, in the same manner as for the urine data. PCA plots demonstrate separation
between the control and interventiodata points but not very clearly (in the first and third time
point plots, some of the replicate points are seerbtolocated on the opposite side close to the
other group replicates). However, all three OfLS plots show a clear separation between
control and treatment groups, even though the clustering of replicate points is not as tight as in
the urine OPLBA plds. The Q2 scores for plasma OBIfSplots for first, second and third time
points are 0.352, 0.807 and 0.746, respectively. These values are lower than the ones in the
urine OPL®A score plots. Overall, it can be seen that plasma normalisation was not as
successful as for urine metabolome, and therefore could not improve the accuracy of data
replicate points as much as in the urine ddti@vertheless, the data for the plasma metabolome

was found to be accurate and reliable enough for identification afiignt metabolites.
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Figure 4.11 PCA score plots of control vs intervention groups at first (A), second (B) an
(C) time points.
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Figure 4.12 OPLI3A score plots of control vs intervention groups at first (A), se¢Bhdnd
third (C) time points. Q2 scores were 0.352, 0.807, 0.746 for A, B and C score plot
respectively.
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4.3.3 Tentative identification of stastically significant metabolitesn
urine and plasma samples

Urine key metabolites

During multivariate analysis using OFM&Sscore plots (see figure 4.9 list of metabolites with

I tLt aO02NB 2F modn 2N 0205 F2N SHSNE GAYS LR
LJ2 A y (i DA s$cord plot has shown 319 metabolites with HbR scores of 1.0 or above, in

G0KS 4¢aSO02yR (GAYS LRAYyGE LI 20§ GKSNB 6SNB HTy |
metabolites.

Univariate analysis involvingté&st and FDR correction has expressed a large number of
statistically significant ntabolites with different fold changs between control and
interventonI NR dzLJA X F2NJ SIF OK GAYS LRAYG O2yRAUGAZY O
were 194 statistically significant metabolites identified. For the second and third time point data

sets, there were 206 and 178 statistically significant metabolites, respectively. These
metabolites had a p value of less than 0.05, making them significant between the compared two
groups. These metabolites are displayed tigh volcano plots in figure 4.13howing a

distribution of positive and negative fold changes of metabolgesither being elevated or

decreased in concentration during treatment.

Based on the above results from both multivariate and univariate analysis, a list of statistically
signifcant metabolites which passedt@st (p value < 0.05), FDR test (5% significance level) and

KFR I Lt a02NB 2F mModn 2NB I bR KPPE: O BOSIRBY BSNE (6
significant metabolites fodlR F 2 NJ (1 KS & RATNGENI SIBEW I8 ALIANSG LR A y U €
F2N) GKS GUKANR GAYS LRAYyGED G GKAA adF3asS Ad
important condition for discoveryf statistically significant metabolitess it was the final

collection point of urine throughauthe whole experiment; the urine metabolome would

O2y Gt Ay | 6ARS NI y3S 2 Tioldgisal RetaBolites{iTEb&#. 1RI4B ¢ A Y L2
showa list ofthose significant metabolites atach time point These metabolites were shown

with their P \alues, VIP scores and fold changes, indicating whether they were elevated or
decreased in aocentration after the treatmentwas applied.ID confidence levels (IDEOM

annotated score level$-10, as discussed in chapter 2ection 2.2.3 were assignedo the

metabolites. Metabolite annotation was performed in the same way, by matching accurate

masses and retention times of observed peaks with metabolites in IDEOM database, assigning
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levels 1 (least confident) to 10 (most on®&ach metabolite was anald further for key

metabolite activity (refer to the Discussion section later).
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|0§1 fold change
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Iogz fold change

univariateanalysis only

Figure 4.13 Volcano plots showing distribution of statistically significant metabolites detected bety
control and intervention groups in first (A), second (B) and third (C) time points. Data is analysed

Metabolite Biochemical | Retention Mass VIP P value| Fold ID
class time (mins) score change | Confidence

RMalate Carbohydrat 8.85 138.0426| 1.4875 | 1.97E | 1.638 8
es 05

2-oxoglutarate | Amino acids 7.29 150.0534| 1.5734 | 6.37E | 6.419 6
07

5-methylcytidine Others 7.63 267.1353| 1.7781 | 1.52E | 4.345 8
04

Allantoin Others 7.89 180.0777| 1.2394 | 486 E | 3.626 8
04

Androsterone Lipids 441 491.3469| 1.5949 | 1.17E | 2.778 7
glucoride 05

cisaconitate Carbohydrat 9.46 180.0405| 1.6339 | 3.25E | 3.461 6
es 09

Farnesoic acid Others 4.45 251.2276| 1.5472 | 3.61E | 2.279 5
04

GluVval Peptides 7.44 256.1672| 1.8305| 7.64E | 0.752 7
11

Metaxyl Others 4.29 294.1973| 1.3944 | 1.25E | 3.882 6
03

Tributyrin Others 4.53 317.2234| 1.3082 | 3.27E | 3.837 7
06

levels bv IDEOM {10).

Table 4.1A list of statisticallgignificant metabolites dirst time point of urine collectiobetween control and
treatmentgroups.ID confidencemetabolite identification level according to the putative identification confideng
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Metabolite Biochemical | Retention Mass VIP P value| Fold ID
class time (mins) score change | Confidence

4-Pyridoxolactone| Metabolism 4.89 173.0694| 15014 | 1.99E | 5.697 8
of cofactors 05

8-keto-7-amino Others 4.52 194.1358| 1.4406 | 5.14 E | 3.051 6
perlagonate 05

Allantoin Others 7.89 180.0777| 1.4549 | 5.83 E | 3.329 8
05

AsnProTyr Peptides 5.17 214.1447| 15925 | 7.27E | 4.598 8
06

Bendiocarb Others 5.05 234.1218| 1.5427 | 3.51E | 4.048 5
05

Dodecanoic acid Lipids 4.67 242.1912| 1.6287 | 1.52E | 1.095 6
06

Heptanal Lipids 4.48 121.1689| 1.1172 | 1.98E | 2.658 5
05

Indolacryloyglycin Others 5.53 257.1284| 1.2254 | 2.67E | 2.237 7
e 04

Kynurenate Amino acids 5.45 199.0763| 1.5238 | 1.34E | 0.611 7
04

L-Erythrulose Carbohydrat 7.14 124.0637| 1.6783 | 1.92E | 5.416 7
es 04

LeuGly-Tyr Peptides 5.44 368.2366| 1.6509 | 1.23E | 1.138 6
07

N-ethyl-2- Others 5.01 260.1394| 1.3686 | 1.92E | 4.167 5
pyradinamine 05

N-acetyl Others 5.37 188.0883| 1.2989 | 2.77E | 5.372 6
anthranilate 06

N-benzoyil- Others 5.61 263.1196| 1.5067 | 3.71 E | 2.604 7
glutamate 04

Nicotinurate Metabolism 5.42 188.0897| 1.4756 | 3.67 E | 5.262 6
of cofactors 06

PhePro Peptides 5.23 276.1784| 1.4854 | 3.14E | 5.371 8
05

Perillic acid Biosynthesis 554 176.1337| 1.1942 | 1.16 E | 3.082 6
of secondary| 03

metabolism

Triangularine Others 4.36 353.2322| 1.3959 | 1.66 E | 4.263 8
04

Ubiquinol Others 4.54 266.1827| 1.6413 | 3.32E | 1.184 7
07

Urocortisone Lipids 5.03 385.2944| 15379 | 5.74E | 3.645 5
05

Valclavam Others 5.46 343.2051| 1.4935| 259 E | 5.508 8
07

1,3,5trime Metabolism 7.42 176.3284| 1.6314 | 7.63E | 1.083 7
thoxybenzene | of cofactors 06

Table 4.2A list of statisticallgignificant metabolites atecondtime point of urine collectiorbetween control and
treatmentgroups.ID confidence: metabolite identificatidevel according to the putative identification confidenc

levels by IDEOM {10).
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Metabolite Biochemical class Ret time Mass VIP P value Fold change | ID
(mins) score Confidence
(RYMalate Carbohydrates 8.85 138.026 | 1.6520 | 2.00E05 1.815 8
(S)(HAllantoin Nucleotides 9.53 162.081 | 1.4753 | 473604 | 2.196 6
10-Oxodecanoate Lipids 4.68 196.1619 | 1.8652 | 2.00E11 0.718 6
2',3-Cyclic AMP Nucleotides 7.08 339.023 | 1.4147 | 6.52E04 | 4.050 7
2-Hydroxyadenine Others 9.11 156.0711 | 1.7034 | 5.00805 | 2.997 8
2-Oxoglutaramate Amino Acids 7.29 150.054 | 1.6886 | 8.07£05 | 4.390 6
5-Methylcytidine Others 7.63 267.1%3 | 1.6335 | 1.00E04 | 3.973 8
6-Deoxyl-galactose Carbohydrates 7.14 170.089 | 1.7911 | 353606 | 1.266 9
Allantoin Nucleotides 7.89 180.0777 | 1.4364 | 5.23E04 | 4.595 8
Allopurinol Others 8.17 141.0668 | 1.7099 | 9.6505 | 1.508 9
alphaD-Mannoheptulopyranose Others 7.51 217.1334 | 1.5119 | 2.55E04 | 3.574 6
Ascorbate Zulfate Others 11.38 262.003 | 1.6339 | 1.25E03 | 0.212 6
Cerulenin Others 4.28 235.1663 | 1.3424 | 2.84E05 | 2.199 7
cisAconitate Carbohydrates 9.46 180.045 | 1.8227 | 4.76E08 | 2.724 6
Goniferaldehyde glucoside Others 4.75 356.1722 | 1.7228 | 259505 | 0.765 7
Deoxycytidine Nucleotides 7.14 236.157 | 1.8415 | 299609 | 5.142 5
D-Glucuronate Carbohydrates 9.05 200.085 | 1.6609 | 7.28E04 | 0.290 8
Didrovaltratum Lipids 4.14 234.1814 | 1.4015 | 6.21E03 | 0.277 8
DL-Methionine sulfone Others 6.88 186.008 | 1.6716 | 2.73E05 | 3.717 5
Glu-Asp Peptides 8.96 271.1565 | 1.6514 | 1.00E04 | 6.705 6
GluHisThr Peptides 7.43 400.252 | 1.8004 | 5.86507 | 6.584 8
Glulle-lle Peptides 4.53 390.283 | 1.5505 | 3.45605 | 1.710 7
GluVal Peptides 7.44 256.172 | 1.8688 | 9.00815 | 0.913 7
Imidazot5-yl-pyruvate Amino Acids 748 160.0646 | 1.5727 | 1.73E03 | 0.601 6
Indole-3-acetytglutamine Others 6.87 318.1B3 | 1.5484 | 1.47E04 | 1.969 5
Inulicin Others 4.39 325.2868 | 1.7019 | 6.22505 | 1.836 6
Isopyridoxal Metabolism of cofactors 6.89 175.0912 | 1.8285 | 1.82607 | 3.841 5
Kynurenate Amino Acids 5.46 199.095 | 1.2656 | 1.88E02 | 0.018 6
L-Erythrulose Carbohydrates 7.14 124.087 | 1.5529 | 1.61E03 | 3.102 7
Prostaglandin A2 Lipids 4.37 354.281 | 1.5858 | 1.00805 | 5.024 7

Table 4.3A list of statistically significant metabolitesthird time point of urine collectiorbetween control andreatmentgroups.ID confidence:
metabolite identification level according to the putative identification confidence levels by IDEQ®).(1
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Plasmakey metabolites

The same statistal analysis (multivariate and univariate procedures) have been applied on

plasma metabolomes of three time point data sets. In multivariate analysis fromQ#k&ore

plots (see figure 4.12there were 153 metabolites identified with a VIP score of t.8bmve

F2NJ GKS GaFANBG GAYS LRAYydGe RFEGE asSiz mno F2NJ
LRAYGED CNBY dzyAQINRIFGS Fyltearasr (GKS ydzyo SNJ
was lower than for urine samples, with 53 detected iSth ¢ FANB G GAYS LIRAYGE
6aSO02yR GAYS LRAYy(Gé 3IANRdMzLI YR MHp AYy (GKS aiKA
in figure 414through volcano plots, showing the number of statistically significant metabolites

with positive and negativéold changes.

A _ B _ C

. .
. :
3 0 10 10

-10 5 0 " -
log, fold change log, fold change log, fold change

Figure 4.14 Volcano plots showing distribution of statistically significant metabolites detected bef
control and intervention groups in first (A), second (B) and third (C) time points. Data is analy
univariate analysis only

The results of multivariate and univariate lists combined together generated the final lists of
statistically significant metabolites for each time point condifidbetween control and

intervention groups, based on passedtdst, FDR test and VIP score system. Unfortunately,

there were not many statistically significant metabolites detected, compared to the urine
NEBadzZ Gad Ly GKS GFANRG GAYS LRAYyGE¢ tabolitas &AShG =
LI aaAy3a ftf 2F GKS GSadao Ly GKS aaSO2yR UAY!
significant metabolites (cigconitate andNG,NGDimethytL-arginineh | YR Ay GKS &G iK
LRAYyGéE 3IANRdAzZL) G§KSNB 4 S NEetabolitezND-afiind-décanaidi acig I £ £ & &
allantoin, cisaconitate andNG,NGDimethytL-argining. Their fold changes were all elevated

(increased) by 1.5 or 2.0 scale when treatment (liquid mpilitein) was applied. Table 4.4
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[aN

presents the list of statisticall@ A Ay A FAOlI yi YSGlFo2ftAdGSa
Metabolite annotation was performed in the same way as described earlier.
Metabolite Biochemical | Retention Mass VIP | Pvalue| Fold ID
class time score change | Confidence
(mins)
10-amino-decanoic Lipids 7.33 187.1572| 1.746 | 1.00E | 4.388 8
acid 05
Allantoin Nucleotides 7.89 180.0777| 1.331 | 3.45& 5.424 7
07
cisaconitate Carbohydrates 9.46 174.0165| 1.282 | 2.54E 2.442 8
08
NG,NGDimethykL- Others 12.17 202.1429| 1.384 | 4.77& | 3.549 7
arginine 02

Table 4.4A list of statistically significant metabai at third time point of plasmeollectionbetween control
and treatmentgroups.ID confidence: metabolite identification level accordinghe putative identification
confidence levels by IDEOM-1D).

Even though in plasma samples, only a few number of statistically significant metabolites were

~ A L oA X L oA X

RSUSOuUSRZ

AG FLILISHRBYAEI GSAysDa Y 2dbeaedivE i 6 2 f

control and interventiorgroups, in both urine and plasma samples.

In this study, astatistical paired difference test should have been performed to complete

statistical analysifully, as two sets of measumgents (control vs treatment, iboth urine and

plasma samies) were comparedn the same group osubjecs (overweight male healthy

volunteers) Pairedtest wouldhavemade an assessmemthether population meansf those

measurementssignificantly differ or not. Such test compares these measurements within

subjeds, rather than across subjectand will generally have greater statistical power than an

unpaired test The key issue that motivates the paired difference test is that the subjects will

differ substantially from each other before treatment begindue to biological factors which

usuallycausesbiological variance (mentioned earlieEven with applied normalisation method,

biological variance is hard to correct, so running a paired test in this study would have improved

anoverall accuracy of data by redingcertain degree ofnter-subject variabilityln OPL®A

figures it can be seen that inteubject variability was big, with clear big separation between

groups, therefore thepaired test would show the groups more clustered.
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4.4 Discussion

4.4.1Quality of data

In this case study, the effect of a meal with a composition of various fatty acids (liquid milk
protein) was investigated on a variety of metabolic activity in healthy, slightly overweight
volunteers: skeletal muscle protein, fat tissuedebiofluid (urine, plasma) metabolism. For the

purpose of this thesis, the detailed analyses of human urine and plasma metabolic profiles only

were performed, in search dftatistically significant metabolitebetween two conditional

groups: control andreatment qigh fat dietary interventioph This study did not involve diabetes

LI GASyGa odzi ONBIpeRRI 088SAKME DYy QS 12FYyHD GKSNBT
of key metaboliteswas nota true reflection of diabetes pathologynd the real dibetes

patients would need to be involved in the actual study.

From the Results section, one can see that a large number of putatively identified metabolites
(mostly polar class) were identified in both the urine and plasma samples of volunteers. This
observation was expected, given that both types of samples had undergone hydrophilic
extraction with a validated |-MS analytical method. The samples were collected fresh from
volunteers and later prepared without any chemical modifications, apart from ektigathem

in (U}3C labelled extract (part of the normalisation process). The rest of the extraction and
sample preparation procedures did not hugely affect the nature of the biofluid samples, hence
the metabolism content (and metabolite stability) wastraltered in any significant way.
Further assessment of the quality of-MS analytical performance was shown through spectra
graphs of samples (clear peak shapes without background noise) and percentage RSD
calculations of peak height intensities in Q@ pkes, showing that the majority of metabolites

had an RSD value of less than 30%. This indicated that there was no strong biological or
analytical variation present in the QC replicates of either urine or plasma, demonstrating good
stability, repeatabiliy, robustness and performance of analytical run. This observation was
expected, given that urine or plasma pooled QC samples contained an equal amount of every

single sample analysed, so it was a good representation of the entire sample set.

Normalisationusing (U)*3C labellecE. colias a source of internal standards, once again caused

a significant decrease in data variation for the majority of metabotjtemre than 709¢80% of
metabolites successfully normalised in plasma, and @@ in urine. Thisbservation was
expected, as the previous validation experiments with human urine and plasma samples (see

chapter three) had a similar result. There was a large numb€Catbelled metabolites in the
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extract, acting as paired or eduted internal standeds for sample metabolites. A certain
proportion of lipids in either plasma or urine samples were not normalised well, because the
extract did not contain a large number of lipophilic internal standards appropriate to normalise
lipids. In all OPLBA plots(in plasma and urine experiments), the normalisation effect was
shown clearly through clear separation between control and treatment groups, tight cluster of
replicate points and high Q2 scores in most of the GPAPlots. This has demonstrated once
agan that the proposed normalisation method using stab¥é isotopes as internal standards

works effectively, improving data accuracy.

4.4.2 Key metabolites and metabolic pathways

In this study, the effect of a liquid meal full of saturated fat was irigastd in skeletal muscles

by analysing the metabolome of human urine and plasma samples to observe the effect on
metabolic pathways related to secretion and regulation of insulin. There were several
statistically significant metabolites detected betweesntrol and treatment groups at all three

time points (mostly at third one)for both urine and plasma sampleEhey ae presented in

table 4.1 to 4.4An elevation in metabolic activity in most of these metabolites can be observed
after the treatment was pplied ¢ their fold changes were observed to be positive, while few
metabolites were shown to have their activity decreased after the treatment (negative fold
changes)As a high fat diets known toimpair the action of insulin and prevents correct
utilisation of a glucose in skeletal musclesyiéisexpected to observe an elevation of glucose
and related metabolites pathways such as glycolysis ahtNB 6 Q The@®re) briedf the

key detected metabolites were found to relate timose pathwaysOneresearch study stated

that skeletal muscle insulin resistance is an initial step in the progression towards type 2
diabetes condition and has been linked to increase in dietary fat, so it was expected to observe

some of the elevated metabolites usually faliin diabetes

One of the detected metabolites the urine samples in this study waetythrulose,an AGE of
L-ascorbate,which is known to be elevated after a high fat diet intaked may causefor
example the retinopathy complication in diabetes type 1 ando@tients or atherosclerosis
progressio?*?3*3From tabls 4.1t0 43 A G OFy 0SS &S Sgactivifgkdd G KS
change) was three times higher in a treatment group, compared to the control state, showing
elevation in metabolite activity during treatment. In odetarystudy, Lerythrulose levels have

been observed to increase dramatically in humaime samples collected from patientgho

were given aneal withlarge amount of saturated fat, even though patients were-gigposed
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to diabetes already but not fully diagnos&d Other statistically significant metabolites, which
were also found to be upregulated in the treatment group and belonged to Agts, Cis
aconitate and allantoinThe urine and plasma results showed the elevation of allantoin and cis
aconitate metabolites in treatment samples by almost two and three-éblanges, respectively.
Those metaboliteshave been observed in severhlgh fat dietary studies in activating
inflammatory pathways such as BARAGE (receptor for advadcglycation end productin
vascular endothelial cells and skeletal muscles, leading to skin damage and muscle breakdown
as well as elevated blood pressi#fé**® Cisaconitate is one of the intermediates found in Krebs
cycle, which is shown to activate the pathway elevating oth@rinediates®**” However, in one
study, allantoin was shown to reduce obesity in high fat -thedticed mice byblocking
Imidazolinell receptors andmproving lipid metabolisni? So allantoin remains to be unclear
in its role of progressing or preventing diseasemplications followed by high fat dietary

intervention.

Rmalate metabolitelevels aregenerally found to baffected following dietary interventions

as it is an intermediate metabolite in the Krebs cycle, producing energy for the cells and
elevating gleose levels in the bloodstreaff? In the urine data result®f this study this
metabolite was found to be statistically significartdits fold change was shown to decrease

in the treatment samplesThese results are supported by another dietary intervention study
involving highprotein highcarbohydrate diet, where malate was also shown to be reduned
overweight individual$® In one studyhowever, levels of mlate were found to be elevated in
diabetic rat models, significantly impairingethctivity of Krebs cycle and concentration of other
intermediates in this cycle, for example citrate and pyruvate, causing damage to the local cells
and tissues***1Theimpairment of Krebs cycle has shown to cause decrease in mitochondrial
respiration in skeletal muscles of type 2 diabetic patiePtdt appears that certain diet
influences malate metabolic activity in different ways, depending on whether there is a high or

alow protein diet involved.

Nucleotides such as deoxycytidine and hydreadénine arealso normally found to be
significantly affected bthe effect of high fat and protein content @ietary interventions They

are found to benydrolysed by enzymes, affitng the DNA and genetic profile of the important
cells and tissues regulatirfigt, glucose utilisatiori> One studydemonstrated an upregulation

of gene expression in adipocyte and skeletal muscle tissues followadigyfat diet in male

mice, by showing an increase and decrease in metabolite activity of certain nucleotides and

lipids** From the results in table 4,1t can be seen that fold changes for those metabolites
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were shown to be reduced (downregulated) in the treatment conditidar the deoxycytidine

metabolite downregulation was by factor five, for hydreagenine it was ¥ factor three.

From the plasma data, only a few statistically significant metabolites were detected between
control and treatment groups, including dsonitate, allantoin and NG,NGimethytL-
arginine, all of which were shown to be elevated in theatreent group. This once again
supported an idea about ceconitatebeing affected by dietary high saturated fat intervention
Metabolite activity ofNG,NGDimethylL-argininehas been found to increase several dietary
studies, including a polynsaturdaed fatty acid diet study where a rise in NG B@nethytL-

arginine metabolic activity has shown a beneficial influence on endothelial tiéSues

Overall, it appears that several statistically significant metabolites detected in urine and plasma
treatment samples, especially @sonitate and allantoin, can indeed bluenced by dietary
intervention where an increase in saturated fat proteinis observed. In diabetes research,
these metabolites can beotential biomarkers, due to their significant differences in fold
changes ad effect on related metabolic pathways, as demoattd in other research

studies3%®
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4.5 Conclusion

This study has demonstrated a certain effect of saturated fat meal on metabolome activity in
plasma and urine samples in human volunteers, showing how treatment using a meal with high
fat content may trigger certain metabolic responseskeletal muscleand beassociated with
complications such asliabetes atherosclerosis, cardiovascular and other inflammatory
conditions The main results showed several important key metabolites, such-asaidtate,
L-erythrulose, Rmalate, which were elevated in threimetabolite activities during the

G G NB I (i YdiighliFrom @rawbus reported studies, it was observed that some of those key
metabolites have caused a reduced skeletal muscle ability to secrete proteins to maintain
muscle size. Therefore, the study he®wwn that skeletal muscle is indeed being affected by

certain metabolite activities caused by a saturated fat intake.

This study has been investigated through analysis of waikible metabolites (via HILIC
chromatography conditions), and therefore, féipid metabolites were detected in the samples
overall As the study involved saturated high fat dietary intervention, the key statistically
significant metabolites would be expected to be more of a lipid origither than watersoluble
type. However, de to polar analytical conditions implemented, it was not possible to detect
thosekeylipid metabolites and instead few polaneswerefound. For this studyt would have
been better to use lipidomics approach with different column suitable for lipidalgsis to
obtain more lipophilic compound®erhaps, more statistically significant metabolites of lipid
origin would have been detecte#ey lipid metabolites that would be expected to observe in
this study could be triglycerides, L0l HDIC, ketone boiks, cholesterol, all of which would

be expected to increase in their metabolic activity after ingestion of high fat fheal.

The proposed analytical normalisation method improved the accuracy of the final data by
successfully reducing data variation between biologieglicatesq as can be seen in section
4.4.1. Improved data reproducibility has helped to distinguish control and treatment groups
more clearly, helping to detect key statistically significant biomarkers more accurately and their
related metabolic pathwaysTo obtain even better results on the affected skeletal muscle
metabolome, it would have been better to analyse tissue samples directly from the skeletal
muscle or take some sort of biopsy to see the morphology of the tissue samples. That would
have helpe to better understand the significance of high fat meal on human metabolome in

skeletal muscles and their ability to generate important proteins for muscle performance.
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Chapter Five

Metabolic signatures of lowgrade
glioma in human brain tissue
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5.1 Introduction

5.1.1 Glioma: definition and classification

Glioma is defined as a type of tumour that originates in glial cells of mammalian brain and spine,
which make up the central nervous system (CNS). In brain physiology, théumaion of glial

cells is to insulate the neurons, which are important in the regulation of the CNS, in order to
maintain their homeostasis and protect them from external dam&§&lial cells, particularly
astrocytes, also play an important chemical signalling role in the CNS, controlling the release
and action of chemical mediators involved in a variety of CN&amézms (GABA, acetylcholine,
arachidonic acid metabolites), although neuronal signalling is a lot faster and more important
than that of glial cells. Although astrocytes do not conduct action potentials or send signals to
other parts of the body, they anegery similar to neurons and play an important communication
role within the brain®*® When tumours are detected in glial cells, causing uncontrolled cell
proliferation, they may be benign or malignant. Unfortunately, gliomas comprise about 80% of
all the malignant brain tumours, and therefore occur more often than the benign ¥/déey

are classified by the type afell from which they have developed, and are graded by their

pathogenicity and their location inside the brafd.

The type of glial@ls which are mainly affected by glioma are astrocytes, causing astrocytoma
and glioblastoma multiforme (GBM). Other glial cells affected are oligodendrocytes
(oligodendroglioma) and ependymal cells (ependymoma). Gliomas are further categorised by
grade: low grade gliomas are well differentiated, where the cell proliferation is slightly
uncontrolled and usually leads to benign tendencies. For that reason, low grade gliomas are
easier to treat but can increase in grade over time. High grade gliomas, othérehand, have

very poor cellular differentiation (anaplastic) and are referred to as malignant brain tumours,
also known as cancers. High grade gliomas are very difficult to treat and there is a bad prognosis
for sufferers. In GBM, for example, the gragl system is split into four types: grade 1 (least
advanced disease where tumour cells appear close to normal), grade 2 (low grade) and grades
3 and 4 (high grade), according to WHO reseétthinally, classification of a glioma depends

on the brain region (location) that is being affectedelow or above the tentorium membrane

that separates the cerebellum from the cerebrum inside the brain. Most common cancers of
the brain are found to be GBM tumours that are usually defined as an aggressivgyéiigh

(level 4 according to WHO research), invasive and heterogeneous tumoue 5itjwhows the

magnetic resonance imaging (MRI) scans of a human brain affected by GBM at an early stage
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and its progression one month later (left image), as well as MRI scans of low grade astrocytoma
progression over the same period of time but in aati#ht patient (right image). It can be seen
that the rapid growth of a cancer is noticeable in GBM MRI scans, in the central location of the

brain, but not so much in low grade MRI scans, showing that low grade glioma is harder to

detect and further analsis might be required to confirm it.

Figure 5.1 Progression of GBM glioma (grade 4) in an adult male brain over one month (left ima
progression of low grade 2 astrocytoma in an adult female brain over one month (right i
Advances in gliobt#oma multiforme treatment. E. Ozdervfraynak et al 2018

5.1.2 Low grade glioma: epidemiology, aetiology and symptoms

Epidemiology

Low grade gliomas (LGGSs), as defined earlier, are the slowest growing type of tumour (grades 1
to 2), which often arise iryoung, otherwise healthy adults and children. They are usually
developed in astrocytes, for example pilocytic astrocytoma (grade 1), and in oligodendrocytes
¢ grade 2 oligodendroglioma. Despite their initial low, uncontrolled cell proliferation and
sometimes asymptomatic state, LGGs may cause considerable morbidity leading to the death
of a sufferer, if left untreated, as they can develop into more serious, high grade gliomas over
time.2¢3Over the last 15 to 20 years, the incidence of LGGs in the UK among adults has gradually
increased from 2006 3000 cases a year, according to Cancer Researéff Uiey account

for almost 15% of all diagnosed primary brain tumours each year, with increasgdlgnce
among white young men. However, the proportion of adults suffering from low grade glioma
among the whole UK population is not so large, only around 3% which is 30 in every 1000
people. In the US for example, between the years 2010 and 2014, éhagevannual incidence

of LGGs appeared to be significantly lower than for high grade glioma, in both males and

females, as shown in figure 52.There were 11,432 deaths reported in the UK from brain
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tumours in 2016 (all types), with a 4@ar survival rate of 14% per year according to Cancer
Research UK. This shows that even though LGGs are rioseticustumours as high grade
(e.g. GBM), they can easily develop into the cancerous type, and therefore need to be treated

immediately.

All Gliomas Glioblastoma Lower grade glioma

251

201

151

101
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Average Annual Age-Specific
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Figure 5.2 Average annual incidenceerat different types of gliomas, including GBM and low grag
over a perod of four years (201€2014) in males and femalestime United StatesQ. Ostram et al,
2018,Sexspecific glioma genomeide association study identifies new risk locus at 3p21.3]
females, and finds sedifferences in risk at 8g24.21

Aetiology and gmptoms

As for most of brain tumours, it is still uncertain what the main causes of LGGs could be.
Scientists are constantly looking into possible origins of the pathogenic mechanisms involved in
glioma. There is a theory that electromagnetic radiatiomfnmobile phone¥®, power lines®’,
microwave radiofrequency radiatié?¥ and certain food additives such as aspartdftie
(sweetener) may trigger the pathogenesis of a disease, although those factors are still being
investigated. It is known #t LGGs may occur at any point in life, most commonly developing in
children and young adults. As an individual becomes older, the risk of getting any type of glioma,
including LGG, increas&8 A family history of any type of glioma or certain other diseases can
also provoke the development of LGG in an individual, where several genes are found to be
involved with the progression of a disease, such as isoeitdghydrogenase (IDH1) gene
mutations, neurofiboromin (NF1 and NF2) gene mutations associated with neurofibromatosis,

tuberous sclerosis (TSC1 and TSC2) gene mutations associated with tuberous sclerosis disease,
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and so on. Itis thought that IDH1 and IDH2ations play an important role in the pathogenesis
of a disease. However, there is currently no strong association of genetic influence on the

development of LGG overall, so more research needs to be undertaken in thi€'area.

LGG originates inside the brain and normally does not spread outside it but instead grows into
the normal brain tissue. As the tumour grows locally and expands, it disrupts connections
between brain c#s causing severe brain problems, even with a slow growing rate of tumour
development3’? The most common symptom is usually the presence of seizures, occurring in
almost 80% of patients diagnosed with LGG. Theuseiis usually caused by disorganised
electrical activity in the brain, followed by involuntary movements, loss of muscle control and,
in severe cases of seizures, loss of consciousness and speéther clinical signs and
symptoms associated with@QG are headaches, mood swings, memory and vision*’foss.
Sometimes, individals with diagnosed LGG may be asymptomatic for a long time, not
presenting any neurologic or cognitive changes, however they still have to be constantly

monitored through imaging and spectroscopic analysis which can show the tumour presence.
Diagnosis of GG

The diagnosis of any tumour, whether it is a low or high grade, is done via a series of physical,
laboratory and Xay examinations, as well as MRI or computed tomography (CT) scans of brain
tissu€’>%"’ also known as imaging studies. If the presence of a brain tumour is suspected, MRI
and CT scans are usually performed to confirm the presence, showing the growth pattern and
damage of tissues and cells. The imggcan reveal the full structure of the brain locations
affected by the tumour. Biopsy tests are only performed if the suspected tumour has not been
fully confirmed by imaging studies, establishing the diagnosis and subtype of tumour. This
process involvesemoving a small amount of tissue from the brain, examining it under a
microscope for histological diagnosibiopsy is not performed unless the other diagnostic tools

fail to confirm the presence of a tumour. Biopsy with histological evaluation is giynharvery
accurate method. For example, low grade astrocytomas have-difidlentiated fibrillary
astrocytes which are easily identified under a microscope when the tissue is stained with
chemicals such as hematoxytii.However, because of the heterogeneity of the tumours,
biopsy may not always reflect the highest grade, e.g. GBM, with reported accuracies of 51% to
83%?3"° The decision to undertake biopsy as a diagnostic method in a patient with suspected
LGG, requires the clinician to carefully weigh all the risks and benefits associated with this

strategy.
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5.1.3 Low grade glioma: curretiteatment strategies

Currently, it is a great challenge to develop a suitable treatment for any type of LGG or even
design and evaluate clinical trials showing the effectiveness of proposed therapy. Each
therapeutic agent or technique requires a comated procedure of treatment, high cost,
safety, success of removing the cancer without any post adverse effects and improving the
quality of life for a patient overatf® At the moment, surgical removal of a LGG tumour is one
of the prime methods in therapy, especially as it has shown to improve seizure control in
patients! Seveal studies demonstrated that overall the surgical intervention was found to be
safe and effective in LGG patients, with high survival rates compared tesurgical
strategies®’9382383They concluded that there was a trend in survival ria@rovement with

more extensive surgical resection. A number of advanced techniques in surgical procedures has
allowed surgeons to maximise the degree of tumour resection without affecting good healthy
tissue, significantly improving the life expectancy ar individuaf® Biopsy methods,
mentioned earlier, are part of such surgical operations, where the removal of potentially
cancerous brain tissue and an immediate diagnosis outweigh the risks afdtedore. In most

LGG patients, this sort of operation is done regularly and sometimes does not require full

anaesthesia with sedationdepending on the location of the tumour within the braf.

Other treatment procedures include radiotherapy and chemotherapy. The role of radiotherapy
in the management of patients with LGG still remains very unclear. Several clinical studies
investigated the overall effectiveness of high and low doseaadiftion response in LGG adult
patients. In one study, 379 patients received radiotherapy fope&ratively (after biopsy
surgery), showing no overall significant difference in survival rates, compared to a single surgery
treatment. There was also no si§joant difference in survival rates between high and low dose
radiotherapy (58% and 59% survival rates, respectivéyloreover, in another randomised
clinical study, there was a high incidence of radiation neurotoxicity (adverse effewtroaus
system) coming from a high and low dose therapie$% and 2.5% incidence rates,
respectively?®” Another study showed that long term radiation therapy caused significant
cognitive deficits in almost half of the study subjects (patients), affecting their met#fory.
Therefore, there is still uncertainty whether to use radiotherapy in LGG patients or not, with
higher chances of risks and the development amglications, outweighing benefits.
Chemotherapy, on the other hand, has been regularly used in all types of brain cancer, more
often in high grade gliomas, and certain drugs with lower doses in LGGs. Oncologists are mainly

focusing on a drug called temdemide, an alkylating agent used as an anticancer drug in brain
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gliomas, mainly in high grade GBM and low grade astrocyf8%i®. The drug has shown a
distinctive advantage over other alkylating agents such as procarbazine or lomustine, due to its
ability to pass the bloogbrain barrier more efficiently, being more active agaitumour cells

and showing less toxic adverse reactiétdn one clinical phase 2 study of astrocytoma grade

2 cancer, this drug has managed to demonstrate excellent pharmacological anticancer
properties¢ out of 46 patients testd with the drug, 61% achieved complete or partial drug
response with a large reduction in the number of tumour cells, and 78% of patients showed
prolonged survival rate for an additional 22 monf%.Clinical phase 2 studies with
temozolomide applied in LGG patients (astrocytoma) after the surgical procedure showed even
better results, as expected, with significant improvement in saivikate among 250
participants for almost 3 years before LGG turned into a high grade type where the drug was no
longer effective’® However, the combination of radiotherapy with temozolomide or other
alkylting drug (vincristine) in high risk LGGs studies could not show an overall improvement in
survival rates, compared to the studies where only the drug was used, once again showing that

chemotherapy did not reduce cancer cells significaf¥fiy>>

Treatment management of LGGs is constantly changing, with new strategies being proposed,
balancing the risks and benefits in reducing tumours. Considering the evidence currently
available from the research in LGG treatment, the optinrehtment strategy may be a
combination of surgical resection followed by chemotherapy (with a drug such as

temozolomide), delaying radiotherapy for as long as possible.

5.1.4. Low grade glioma: molecular pathology, metabolic pathways and
potential biomarkers

Molecular pathology studies of LGG help scientists in predicting tumour response to treatment,

by developing a thorough understanding of the pathogenesis of those tumours. Most
pathological mechanisms are related to genetic mutations and alterstion important

metabolic pathways. The presence of LGG related genetic and metabolic alterations in tumours
FFFSOG GKS LI GASYyidQa NBaLRyaS (2 aLISOATAO Ory
alterations can assist sciert8sin deciding an mtimal treatment based on molecular
characteristics of the tumoui®® These monitored changes can lead to the discovery of potential
biomarkers, which could be specifierges, proteins, cell receptors or metabolites in signalling
pathways of the CNS. This information also shows how signalling pathways are generally

affected and which of them may be targeted with specific therapies. With current standard
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treatment strategies in place involving surgery, chemotherapy and radiotherapy, large
variations may exist in clinical patient data (survival rates of patients, number of reduced
tumour cells) with various types of glioma, including LGG. Therefore, there is a need fac specif
biomarkers and metabolic pathways identification for making an accurate prognosis of a cancer,
sub classification of LGGs based on moleculaiamaters and searching fooptimised
treatments targeting specific areas of the L&@Research into molecular pathology of LGG has
revealed several affected metabolic pathways which are responsible for controlling cell growth
and death. Some of these key metabolic pathways are phosphoinoS8ikilease (P13K), MAPK
andtricarboxylic acid (TCA or Krebs) cycle, all of which are crucial in regulating cell proliferation
and preventing cance¥® These pathways can be greatly affected by genetic mutations caused
by LGG, and contribute to energy production in glioma cells, increasing their number and the

size of tumour.

As mentioned earlier, IDH 1 and 2 gene mutations occur in the vast majority of LGGs. These
gene mutations were found to have a strong effect on the metabolic flux of isocitrate, NADP,
glutamate and glutamine, which play a major role ia TFCA cycl&® The TCA cycle is known to
generate a pool of chemical energy (in the form of ATP) for cell growth and proliferation, by a
series of oxidation processe$ certain metdolites such as acet@loA, NADRNd isocitrate.

Under normal circumstances, IDH 1 and 2 genes encode catalytic enzymes promoting these
oxidative reactions: decarboxylation of the metabolite isocitrate to alpb@glutarate,
reduction of NAP to NADPH, and so on. The oxidation of alpitaglutarate to succinate helps

to control cell proliferation and suppress tumour cell growthHowever, when mutated, the

IDH genes become deactivated and change the function of catalytic enzymes, altering cellular
metabolism and causing unwanted angiogenesis (proliferation) of tumourgcits oxidation

of isocitrate to 2hydroxyglutarate, an oncogenic metabolit¥.Such mutations are considete
oncogenic, although their relevance to LGG is still not fully understood and is currently under
investigationi®? Recent genetic sequencisgudies demonstrated high IDH mutations present

in 5%90% of grade 2 astrocytomas and ing88% of grade 2 oligodendrogliomas, indicating
that these mutations play an important role and definitely can be used as potential
biomarkers!®IDHmutant LGG astrocytomas are found to be less aggressive and less cancerous
than IDHmutant GBM, and tarefore may require less aggressive treatment such as
chemotherapy® Several studies have demonstrated a great impact on IDH mutations in
response to the temozolomide drug in low grade astrocytomas, reducing the number of tumour
cells significantf®4% while other studies have shown no improved response to temozolomide

chemotherapy at alt”” Therefore, more research is required into IDH gene mutations in order
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to identify potential biomarkers. Figure 5.3 shol®wv the TCA cycle is thought to be affected
by such mutations.

Another potential pathogenic mechanism for LGG appears to be methylation of a DNA repair
protein O6methylguaninemethyltransferase (MGMT). MGMT is a DNA repair enzyme that
functions by removig alkyl groups from guanine nucleotides and repairing DNA adducts
However, methylation of the promoter region of the MGMT gene leads to deactivation of the
protein function, reducing DNA repair activity and initiating carfé&GMT methylation has
alsobeen observed to affect the sensitivity of gliomas to antineoplastic and alkylating drugs
increasing the efficiency of temozolomide drug response, for example. Although the exact
mechanism of the drug efficiency increase is unknown, increased MGM TyaatiiDNA repair
deficiency are suggested as the reastis$dGMT methylation usually occurs in about 50% of
LGG astrocytomas and in about 40% of GBM high grade cancers, making it the most common
cause of gliomas. Thefiore, MGMT methylation status is currently investigated as a potential

biomarker. It was shown to have a massive impact on the TCA cycle, as MGMT methylation is
strongly associated with IDH gene mutatidHs.
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Other gene mutations also associated with activation of LGG caelzed signalling

LI GKgleasx 200dzNJ Ay | @FENASGE 2F LINRPGSAya &dz0
protein, Ras protein, and phosphatase and tensin homolog (PTEN) tumour supgnegeor,
although their full pathogenicity has not yet been fully understé8d!? For example, gene
mutations in PTEN tumour suppressor protein are known to over activate the PI3K pdthway.
PTEN gene mutation inv@ls methylation of a protein and its deactivation, which in turn
increases phosphorylation of protein kinase B found in the PI3K metabolic pathway. This
triggers the angiogenesis of tumour cefls Although PTEN mutations are generally rare in
LGGs, these tumours may exhibit lower levels of PTEN protein and high levels of phosphorylated
protein kinase Bbut mostly it happens in high grade GB¥?*'°*The Ras signalling pathway
(also known as MAPK pathway) is Uguactivated in pilocytic astrocytoma, an example of LGG,
increasing tumour cell growth and proliferatié®.The MAPK pathway is activated by a variety

of methods including increas activity of Ras protein caused by mutations in the NF1géne
TP53 protein caused by mutations in the TP53 ¢énand BRAF kinase protein by mutations

in the BRAF gefi¥. These mutations are more common in LGGs thargh grade gliomas. It

has been found that TP53 mutations are more effectively targeted by radiotherapy than
chemotherapy or surgery, while NF1 and BRAF gene mutations are investigated by proposed

drugs such as BRAF and Ras inhibitors, which are curreinly $esigned and tested?

In low grade oligodendroglioma and astrocytoma, a common alteration is usually observed to
be codeletion of chromosomes 1p and #¥gwhich also affects the production of important
protein suppressing tumours, such as capicua transcriptional repressor (CTR) and FUSE binding
protein (FUBP¥2The gene coding for the CTR protein is located in chromosome 19q, while the
gene for FUBP protein is on chromosome 1p. The deletion of thesesgluring LGG disease

will reduce levels of their suppressor proteins produced, elevating tumour growth. In one study

it has been observed that long term chemotherapy with temozolomide, targeting the LLGs
caused by 1p and 19q codeletions, leads to aNBga 4 A S RSONBF aS Ay aYSlty
after the onset of a drug in almost all of the 36 patients suffering from LGG (94.4% success). In
some patients (27%), the mean tumour diameter increased again after the drug was
discontinued for several months.hiB study demonstrated that 1p and 19q chromosome
codeletions can be an effective biomarker for LGG, being successfully targeted by the

temozolomide drug?

All of the above mentionedgenentuti A 2y a FyR NBfIIGSR LINRPGSAYya 7T
and related metabolic pathways, are currently under investigation as potential biomarkers for

LGG** One way to assist the monitoring of metabolic pathways and search for potential
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biomarkers for LGG is the use of the untargeted metabolsri@chnique. Brain tissue samples
from sufferers affected by LGG can be analysed usitd3 @ etabolomics to help scientists in
the search of biomarkers and affected biological pathways, and to observe closely how LGGs

can progress to high grade gliomas.

5.1.5The importance of ntra-tumour heterogeneity and central core

A variety of metabolomics, lipidomics, genomics, proteomics, cellular morphology studies and
other relevant biochemical tests have been performed on LGG brain sissube past, in
seach of potential biomarkers and related metabolic, lipidomic pathways affected by the
disease’?>4?" However, accumulating evidence suggests that Hiraour heterogeneity (ITH),
defined as an observation of distinct morphological and phenotypic profiles betwietglzal
samples taken from theame tumour, is very poorly understoot#® For example, in brain
tumours, ITHnay showhe morphdogical and phenotypic differencestween individuals with

the samebrain tumourand even betweertissuestaken from the samebrain location within

just one individual This phenomenon occurs due to a simple consequence of DNA gene
mutations. This opposes intetumour heterogeneity, where the differences are observed
between different types of tumours$nvestigating THin brain tumoursan help to obtain better

data on tumour pathology, design more effective treatment strategies and reduaergur

treatment failures*?®

So far, only a limited amount of research has been daith respect to ITHn brain tissus
affected by LGGs or high grade gliomas. In the past, a variety of metabolomics, lipidomics,
morphological and gene expression studies have only been performed on LGG brain tissue to
observe the general differences between control and disease stateaiialsef biomarkers and
inter-tumour heterogeneity’*® Recentlya GBM high grade glioma stugtyhuman volunteers

has demonstratedlear differencein metabolite activitynot only between control and disease
samples as expected, but also a presence obEfiteenbrain tissues taken from specific parts

of brain,for eachindividual In thatstudy,severalanatomical surgical resections of brain tissues
(also known aglane of vievg) from each volunteer were shown to exprediferences in
metabolic activities, fully demonstrating IThnd difference in metabolism within one

AY RA @A RdzH  &aThoseNslirdicdl redektiariedz&ally applied to study the human
brain physiology in more details when brain tissues are affected by certain disease, giving a
physician more information on what parts of the brain affected and how they are different.

Therefore, itseemsthat even fa each individuakffected by tumour, a certain degree of
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metabolite differencecan be expecteavhen comparing different brain tissuésken from the

same individuat it can help to detect potential biomarkers more accurat@ligure 5.4 shows

the typicalbrain anatomical plane of views, usually applied in sectional anatomy to examine the

brain structurein physiologf Ay Of dzZRAYy 3 &G a dzLISNFAOA L f ¢ X al yi SN
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Figure 5.4. Human brain tissaeatomical surgicaksectiongor planes of view)J. Park et al, A proposal of ney
reference system for the standard axial, sagittal, coronal planes of brain based on sesatilioned images,
2010.

The entral core ione of the most important functional partd human brain The @ntral core
consists of five main regions helping to regulate basic life processes including breathing,
movement and sleep. It stands deep inside each hemisphere of the brain, as a solid block
between brainstem and cerebral lobed/hen a tumair such as LG&ffects brain tissues, the
large presence of cancerous cells are normally detectatiéncentral core. The an-central
corebrain tissuesnclude themarginsoutsidethe central core and are normally close to residual
cells.Residual cellare malignant cells which are left untouched and stay behind after surgical
treatments having a strong resistance to surgical therapy (and chemotherapy), creating major
driving force of mortality.They are found difficult to remove during surgery and rcayse
further tumour progressionThis is why they arene of theunique cellular targets in brain
tumours and are worth investigatinf> As they are found close tthe non-central core,
physicians like to studyorphological and metabolomics differences betweba central and
non-central core, in order to further understand the role of residual cells in cancer

development.
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Therefore understandinghe differencesbetween centralandnon-central coremetabolism as
well asdetectingITH presence betweebrain tissues helpthe scientiststo fully observethe
effect ofgliomaon different parts of human brain and contribution in pathogenedikis may

help scientists to @dcover personalised medicine for each individual against cancer.

This chapter investigates the effect of LGG grade 2llHtated astrocytoma on metabolic

and cellular morphology of human brain tissueollected via biopsy from five all patients
suffering from the sameondition. The ultimate goal of the study was not only to identify
potential biomarkers (metabolites, lipids) between control and disease states and the effect on
related pathways, but also to observe presence of hElveen brain issues collectedrom

each individual as well as to compare central to noentral core metabolism affected by

glioma.
For the purposes of this chaptdwo hypotheses have been set up:

There is a significant difference in metabolic activity betweeregfit brain tissues (from
different anatomical plane of viewpfor each individua) confirming ITH presence.
There is a significant difference in metabolic activity betweentral and noncentral brain

core tissues, for each individual.

These hypothesesere designed to observe if there is indeed an ITH between those individuals

suffering from LGG astrocytoma by looking into their metabolic profile of brain tissue.
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5.1.6Aims and objectives

With the above hypotheses in mind, the following aiarsd objectives of this study, for the

purposes of this chapter, are:

To perform an L®MS data analysis on human LGG astrocytoma brain tissuebtain
metabolome information of brain tissues affected by LGG

Extract and prepare brain tissue samples

Run thesamples with the LS instrument (same methodology as in previous chapters) with
applied normalisation technique

Process the data with IDEOM, mzMatchlso software for obtaining metabolome and assessing
the efficiency of labelled metabolites

Test normalisaon of the data as performed in chapter three

To address the two hypotheses by:

Designing and running multivariate analysis on the data to create specific PCA anBAOPLS
models (discussed later)

Running univariate analysis to obtain the list of statadty significant metabolites for each
hypothesis

Linking those statistically significant metabolites to metabolic pathways in order to obtain
potential biomarkers

Using the obtained information to answer the hypothesis questions set by the study
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5.2 Materials and methods

5.2.1 Tissue sample collection and information

In this study, five different volunteers (adults, over 25 years of age), with confirmed
astrocytoma IDHL mutant grade 2 cancer, were selected to provide their brain tissue. The
volunteers were recruited within the UK NHS Trust centre at Nottingham University Hospital
bl { ¢NUzZAGATZ vdzsSSyQa aSRAOIf /SYyiNBed ¢KS &0dzR:
National Research Ethics Service Committee from East Midlands, UK (ethicsahmference
11/EM/0076). Briefly, a small amount (close to ¢800mg weight) of brain tissue from various
brain locations was surgically removed from each participant by biopsy. The procedure was
done over a period of several days. The brain locatioom fivhich tissue samples were
removed are summarised in table 5.1. Each participant was assigned a code for confidentiality
purposes, with the letters LGG followed by a number for participant and another number for
brain location. For example, one patieradcodes LGG 2.1 for one location, LGG 2.2 for another
and so on. Brain tissue, from each participant and each brain location, was further cut into five
smaller pieces (20nig0mg) for the purpose of creating biological replicates. The tissue was
cut on a ¢pss slide over dry ice using a disinfected scalpel, to prevent it from thawing, and each
small tissue fragment was transferred into a 2mL Eppendorf tllbere were no analytical

replicates created in this study.

The control sample for this study was bragissue from the temporal lobe region of a volunteer
who did not have LGG astrocytoma, but suffered from epilepsy. The ideal control brain tissue
sample should have been cancer free (no presence of tumour) and collected from a participant
with LGG. Howeveas it is almost impossible to retrieve any rdiseased brain tissue from a
cancerous brain, it was decided in this study to obtain the controteanterous tissue from a
volunteer with epilepsy, who suffers a similar adverse effect (e.g. seizurell iounGG. This

way it made the control sample closer to the physiological nature of the experimental samples.

Overall, there were 24 LGG tissues (with five biological replicates of each) and five biological
replicates of control sample, giving in totalSl2ssue samples. The tissue samples were put into
Eppendorf tubes, labelled appropriately and stored-80°C freezer conditions. Table 5.1

summarises the replicate brain tissue samples collected from each participant.
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Patientand code

Code number

Brain anatomical

Approximate weight of

for tissue plane of views collected tissue (mglised
sample and for each biological
location replicate (5 replicates)
Patient ONE (LGG 2) LGG 2.1 Superficial 20, 20, 40, 40, 40
LGG 2.2 Central core 30, 40, 40, 30, 40
LGG 2.3 Superior 20, 30, 30, 30, 40
LGG 2.4 Posterior 20, 40, 30, 30, 40
Patient TWO (LGG 5) LGG 5.1 Superficial 30, 30, 40, 20, 20
LGG 5.2 Anterior 20, 20, 30, 30, 30
LGG 5.3 Posterior 30, 40, 30, 30, 20
LGG 5.4 Central core 30, 40, 30, 20, 30
LGG 5.5 Inferior 30, 40, 30, 30, 30
Patient THREE (LGG 7) | LGG 7.1 Superficial 40, 30, 40, 30, 30
LGG 7.2 Central core 30, 30, 40, 20, 20
LGG 7.3 Posterior 20, 20, 20, 20, 20
LGG 7.4 Anterior 30, 30, 30, 30, 30
LGG 7.5 Medial 20, 20, 20, 20, 30
Patient FOUR (LGG 11) | LGG 11.1 Rim 30, 20, 20, 40, 30
LGG 11.2 Central core 40, 30, 40, 40, 30
LGG 11.3 Inferior 40, 40, 40, 40, 40
LGGL1.4 Lateral 30, 30, 30, 30, 40
LGG 11.5 Invasive margin 20, 30, 20, 20, 20
Patient FIVE (LGG 12) | LGG 12.1 Superficial 30, 30, 30, 30, 30
LGG 12.2 Anterior 40, 30, 30, 40, 40
LGG 12.3 Posterior 30, 30, 30, 40, 40
LGG 124 Central core 20, 30, 4020, 20
LGG 12.5 Deep 30, 40, 20, 40, 30
Control (Epilepsy patient] Control Temporal lobe 30, 30, 20, 20, 30

Table 5.1 Brain tissue samplesrh each volunteer taken from different brain plane of views
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5.2.2 Sample preparation and extraction

Each of the LGG tissue sample and control sample replicates were prepared in the same way,
following the same extraction protocol, in randomised order. Brain tissue was precooled at 4°C
and mixed with (U}*C labellecE. coliextract solution, proportional to the weight (100uL of
solution per 10mg of tissue). Disruption of the tissue in extsatiition was performed using a
handheld homogeniser (Bibby Scientific Stuart, SHM1) until the disappearance of visible
clumps. Prior to using the homogeniser for each tissue, the device was cleaned with 70% IMS
and Chem G disinfectant by dipping the rototo the solutions. 300uL (proportional to 10mg
tissue) of ice cold (4°C) chloroform (HPLC grade) was then added to each sample and vortexed
for 30 seconds, followed by administration of 100uL (proportional to 10mg tissue) of 4°C
deionised (purified) wate(HPLC grade) and further vortexing for 30 seconds. These steps were
carried out in 2mL Eppendorf tubes with rounded bottoms to make it easier for
homogenisation. Samples were then centrifuged for 10 minutes at 13000 x g at 4°C (Harrier
Centrifuge) to seprate the two phases (polar and lipid) for further extraction. The upper phase
(polar) was collected first using a pipette and was transferred into frestt@oted Eppendorf

tubes, labelled and placed in th80°C freezer until RIS analysis. By carefyllisplacing the
protein sediment layer between the two separated phases, the lower phase (lipid) was collected
and transferred in fresh Eppendorf tubes, labelled and stored in80&C freezer. Note that the

lipid fractions were stored for use in a sept, completely different project not related to this
thesis. Prior to LS analysis, brain tissue polar extracts were transferred intgl§@ials. The

QC sample was prepared by pooling 5uL from each sample, including the control, into one

Eppendorf tube

5.2.3 LEMS analysis

The LEMS analysis was carried out exactly as previously described in chapter two (section 2.2.1
and 2.2.2) in a randomised sequence order. Ten injections of pooled QC sample were analysed
at the beginning of the run to conditigistabilise) the column before the analysis of randomised
clinical samples. Pooled QC sample was then injected once after each randomised 10 samples
for the purpose of monitoring the stability, repeatability, robustness and performance of the
analytical run A reagent blank (methanol) was injected alongside every QC sample to minimise

any possible carryover effect.
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5.2.4 Data processing and statistical analysis

An identical data processing method as described in chapter four (see section 4.2.3) has been
applied to the clinical raw data from brain tissue samples. The same software programmes have
been applied to a raw data set: XCMS for untargeted gmekind*4, mzMatch for alignment

and annotation of peaké?, IDEOM for noise filtering and metabolite putative idéoation 4’

During processing with IDEOM, the raw data was groupedrdicaep to brain region and
patients. Once the list of putatively identified metabolites was generated, showing a number of
detected metabolites in each group (patient, brain location), further analysis was performed on
metabolite peak height intensities farormalisation. The same approach was performed as in
chapter three (see section 3.2.4), generating ratio$*6f*°C peak height intensities for each
metabolite in each biological replicate for each grotiC peaks were identified using the
proposed Pytbn code, used in the validation experiments. The quality of the metabolomics
analysis was assessed by calculating percentage RSD values (normalisation), but they were not
O2Y LI NBRyY ZiRX lafyRaySRe¢ 2NJ 20 KSNJ y2 NI f AcagedfA 2y (S
this chapter.

For multivariate analysis, the decision had to be made on how to compare the brain tissue data
groups effectively, in order to answer the set hypotheses. As the hypotheses were testing intra
tumour heterogeneitywithin patients, as well as comparing central and naentral core
metabolism,various matrix tables were creategsee the results section 5.3. Based on these
matrix tables containing normalised data (ratios), PCA and-DRL38ots were constructed in

the same manner as in @vious chapters three and four, comparing control to tumour
(treatment). VIP score analysis was done in every @/_Slot, choosing metabolites with a
score of 1.0 or above onlynivariate analysis was performed on the same grouped data as
used in multiariate analysis, creating a list of statistically significant metabolites between
control and treatment groups. The parameters fotest and FDR statistical correction were
chosen to be the same as in chapter three and chapter owalue of less than.05, FDR rate
5%).These lists were then compared to their corresponding multivariate VIP score lists to
produce final lists of statistically significant metabolites. These metabolites were then
compared to research papers, in order to confirm the idecaifion of potential biomarkers and

to observe which metabolic pathways were affected. The fold changes obtained from univariate
analysis were used to decide whether a potential biomarker was elevated or decreased during
0KS GRAASFA&ASe OshgdomrdlA 2y O2Y LI NBR (2
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5.3 Results

5.3.1 Demographic data on chosen participants

The following table 5.2 summarises the demographics of participants involved in the study.
There were six participants involved, five of which had a presence of LGG grade 2 asteocyto
and one who had epilepsy only (set as a control). The brain tissue was collected from a certain
anatomical part of the brain (lobe) of a participant. Inside the particular lobebtam tissues
weretaken from various anatomical resections (plane of viefeg)example superior, anterior,
posterior and superficial (described in table 5.1 and shown in figure 5.4). For the purposes of
this study, the ethnicity, age and gender of an individual was adiqularly relevant, as the

aim of the study investigated metabolic differences between brain locations and individuals,
rather than specific ethnicity, age or gender differengeswas difficult to recruit participants

with the same genetic charactetiss, due to limited choice of available patients at the time.

Patient code | Age Gender | Ethnicity Anatomical brain lobes Condition

LGG 2 25 Male White British | Parietal lobe LGG astrocytoma grade 2
LGG5 37 Female | White British | Left frontal lobe LGGastrocytoma grade 2
LGG 7 27 Female | Asian British | Right frontal lobe LGG astrocytoma grade 2
LGG 11 19 Female | White British | Left frontal lobe LGG astrocytoma grade 2
LGG 12 32 Male White British | Left frontal lobe LGG astrocytoma grade 2
Control 18 Male Asian British | Temporal lobe Epilepsy

Table 5.2 Demographics data of each volunteer participating in the study (hames are omitted for confide
purposes).

5.3.2 Analytical performance and metabolomics data quality

Metabolite profiling of brain tissue samples

IDEOM data processing revealed 497 putatively identified metabolites overall (407 in common
between control and treatment groups). The majority of detected metabolites in all of the
samples belonged to biochemical classes such ascaatids, carbohydrates, nucleotides and
other polar compounds, with a certain proportion of lipids (Raoiar class). The composition

of biochemical classes is shown in figure 5.5. It was expected that a large number of hydrophilic
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compounds would be olesved, as the extraction of brain tissue samples was performed in

hydrophilic conditions with polar extraction solvent (methanol).

Human brain tissue metabolome composition in control
and treatment groups (overall results, on average)

® Amino acids
u Carbohydrates
Peptides

Others

B Biosynthesis of secondary
metabolism

m Nucleotides

H Lipids

Figure 5.5. Composition of putative metabolites in human brain tissue samples (contrg
treatment groupsyccording to biochemical class

LGMS analytical performance

Analytical runs of brain tissue samples (treatment groups and control) have generated clear
ALSOGNY 6A0K RAAUGAYOGAGS Y)Sandndo Backiriudd nbiklon & =
carryove effects. The spectra of QC samples in both experiments also showed clear peaks with
high TIC values, demonstrating a good analytical stability of sample metabolites and
reproducibility. The shape of the spectra peaks of QC samples was found to be tsirttilar
control and treatment spectra, with some peaks identical, showing that QC samples contained
the common metabolite peaks as the actual samples. Examples of some spectra graphs are
shown on the next page in figure 5.6. It can be seen that the spettize selected samples
(Patient one with four different brain locations, control and QC samples) all look very similar to

each other in the number of peaks and their shapes.

During data processing, QC samples were also analysed to check for analytarahgece of
the experiment. The first 10 QC samples in the analytical run were not included in data
processing, as they were used to stabilise the system. The other 10 QC samples were analysed

by IDEOM software. The peak height intensity of every met&bolieach of the 10 QC samples
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was calculated and percentage RSD values were determined to observe the degree of data
variation of metabolites between QC samples. It has been observed that the majority of
detected metabolites (374 out of 497 metabolitesypressed an RSD of less than 30% between
QC sampleg that is before normalisation calculations. This demonstrated good analytical

performance and instrument suitability throughout the experiment.
Normalisation data analysis

Once the normalisation analgsihad been applied to datasets of brain tissue samples,
percentage RSD values of peak height intensities of every metabolite between five biological
replicates were calculated in each control and treatment group, in the same way that the data
was normalisd in validation experiments in chapter three. Out of 497 metabolites, on average,
around 70% of metabolites were normalised successfully in each group (from 340 to 375). The
majority of normalised metabolites were from amino acids, carbohydrates and qihiar
classes. Metabolites which were not successfully normalised, did not have a suitable internal
standard that could have lowered their percentage RSMainly they were of lipid nature.
There was no significant difference in the number or nature afcesasfully normalised
metabolites between the data groups (patients and brain locations). Further quality of
normalised data can be observed through multivariate PCA and-DRUfots (see the next
section), where the data points were observed to be clisteand data groups were well

separated, showing reduced data variation.
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Figure 5.6. Examples of-MS spectra of human brain tissue samples from patient ONE (LGG 2
four brain locations: superficial, central core, superior, posterieDjAAso, from Control sample (H
and QC sample (F).
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5.3.3 Metabolomics analysis of LGG brain tissue

Normalised metabolomes of brain tissue samplé&/f°Cratios) were arranged in matrix tables

and passed through multivariate analysis to obtain PCA and-DRIp®ts, for further statistical
analysis. The data was arranged according to the tested hypotheses. For the first hypothesis,
where metaboli@ctivity between different brain plane of views wasmpared for each patient,

five matrix tables were created (one for each patient). For the second hypothesis, where
metabolic activity was compared betweeantral and norcentral core brain tissuesne single

matrix tablewasdesignedseparating central and necentral core data points

Figures 5.7a and 5.7b, on the next two pages, demonstrate multivariate data analysis based on
the first hypothesis. In those figures, five OFBMSscore plots show separationtbeen brain

tumour tissue (from variouanatomical resectionsand control data points, for each of the LGG
patients¢ patients datasets (patient ONE to FIVEEArespectively). The separation between

the data groups (treatment and control) in each of thBLDA plots is very clear with observed
cluster of data points. High Q2 scores are also observed on the models (0.646, 0.829, 0.872,
0.747 and 0.821 for Patients ONE to FIVE, respectively). This shows that there is a difference in
metabolic activity beveencontrol and disease states but also a presence of dbiderved in

every patient.

In figure 5.8, the OPL3A scores plot shows the relationship metabolic activity between
central and noncentral corebrain tissue samples (all of the other typeshwhin locations
grouped together), for all of the LGG patiergsipporting hypothesis. Zhe OPLBA showed a
clear separation between central core versus ft@mtral core data groups, with clustered data
points and high Q2 score (0.897), demonstratingexpectediological difference between the

groups.
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Figure 5.7a. OP3A score plots of control and LGG brain tissue from various locations (treatr
data groups foPatients ONE (A), TWO (&8)d THREE (Cljhe Q2 score values for Patients ONE, T
and THREE were calculated as 0.646, 0.829 and 0.872, respectively.
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Figure 5.7b. OPLZA score plots of control and LGG brain tissue from various locations (treatr
data groups foPatients FOUR (D) and FIVE (H)e Q2 score values for Patients FOUR and FIVE
calculated as 0.747 and 0.821, respectively.
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Figure 5.8. OPLI3A score plot of central core versus roentral core data groups, for all patients. T
R2 score value was calculated as 0.576; Q2 score value was calculated as 0.897.

Overall, in all othe shown OPL-BA models (for both hypotheses), it can be seen that there is
a difference in metabolism between control and treatment groups well asexpected
difference between central and necentral core (figure 5.8)Further statistical analysis, ti

VIP score (multivariate) and univariatéebt and FDR statistical corrections, was performed to
determine the significant differences in metabolic activity between these parameters in more

detail, to assist in finding potential biomarkers.
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5.34 Tentative identification of key significant metabolites (potential
biomarkers) in brain tissue samples affected by LGG

First hypothesigpresence of ITH between braiissuesfor each patient)

During multivariate analysis using ORMS scores plots (sefigures 5.7a and b), a list of
metabolites with a VIP score of 1 or above has been generated for each patient dataset. The

Gt GASy( -Di\sc@rés plotthfis{shown 274 metabolites with a high VIP score of 1 or
02383 AY Gt GASYlGpeEhdy L2 08P HNB¢CBBANBE 1 LI 2
Gt GASYyd Ch! wé¢ LI 20§ GKSNBE gSNB Hcn YR Ay atl
Univariate analysis involvingt@st and FDR correction has expressed a certain number of
statistically significant ntabolites with different fold changes between control and treatment
IANRdzLJATX F2NJ SIFOK LI GASyGd C2NJ at I G4ASyld hbot
metabolites identified by I S&AG® C2NJ at I GASYyld ¢2héx atl GASYL
GtASyd CL+x9¢ RIGF aStdasxs GKSNB 6SNB mpnI wmnanz
respectively. These metabolites had a p value of less than 0.05, making them significant
between the compared control and treatment groups. These metabolitediapayed thraigh

volcano plots in figure 5,9%howing a distribution of positive and negative fold changes of
metabolitesc either being elevated or decreased in concentration, in each patient dataget (A

E for patient ONE to FIVE, respectively).

Based orthe above results from both multivariate and univariate analysis, a list of statistically
significant metabolites which passedtést (p value < 0.05), FDR statistical correction (5%
significance level) and had a VIP score of 1 and above, was genenagatiioof Patient ONE

to FIVE datasets (see tables 5.3, 5.4, 5.5, 5.6 and 5.7). There were several statistically significant
metabolites in common between patient datasets such afyptophan, Dfructosel,6-
bisphosphate and -phosphoeD-glycerate, discussl in more details in the next section. Most

of these metabolites were identified as level 2 by metabolomics standard initiative, or with high

putative confidence levels as presented in the talife.

As for chapter fourstatistical paired tesshould have been performed this chapter as well,
as the study compared control and treatment groups in the same groupdofiduals(LGG
astrocytoma patients)Details of the test aralescribed in previous chapter (see 4.3.2he
overall results might have shown more clusteringreplicate points on OPLZA plots with

better separation of groups.
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Figure 5.9. Volcano plots showing distribution of statistically significant metabolites detected bet
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change. Data is analysed by univariate analysis only.
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Metabolite Biochemicaklass Retention time (mins) Molecularmass ID confidence | VIP score P value Fold change
D-Fructose 1,éisphosphate Energy metabolism 9.07581 346.015 8 1.00695 <1.00E17 1.3%
2-PhospheD-glycerate Carbohydrates 8.98775 185.99 8 1.02937 1.89=05 0.624
D-Tryptophan Amino acids 8.41097 215.126 6 1.03453 <1.00E19 2471
Ecgonine Biosynthesis of secondary 7.96432 194.135 5 1.02927 <1.00E15 3.746

metabolism

Isocitrate Carbohydrates 7.7821 192.03 8 1.04528 3.42606 0.937
L-Rhamnulose Carbohydrates 8.38324 170.088 6 1.04292 <1.00E16 2.336
L-Histidine Amino acids 9.23138 155.07 5 1.01435 2.9806 2.283
Glutathione Amino acids 8.09843 307.08 8 1.13633 <1.00E15 2.163
Carnosine Amino acids 9.07357 235.136 8 1.12911 <1.00E15 1.393

Table 5.3 List of statistically significant metabolites between control and treatment (brain locations grouped) in ®hiieithe positive fold changes represent &
upregulatedmetabolic activity andold changegdess than Tepresent downregulated actity affected by LGG. ID confidence: metabolite identification level accordin
the putative identification confidence levels by IDEOM(). Red highlighted metabolites were found to be related to metabolic pathways.

. . . N . ) Fold ch
Metabolite Biochemicalklass Retention time (mins) | Molecularmass ID confidence VIP score P value old change

2-PhospheD-glycerate Carbohydrates 8.98775 185.99 8 1.02937 1.75E03 0.537

D-Fructose 1,éisphosphate Energy metabolism 9.07581 346.015 8 1.00695 <1.00E12 2.849

L-Hypoglycin Others 7.03673 148.102 7 1.04528 2 48E02 1.343

Glutathione Amino acids 8.09843 307.08 8 1.792
1.13633 <1.00E14

Isocitrate Carbohydrates 7.7821 192.03 8 0.884
1.12911 <1.00E15

Calystegin B2 Others 7.79402 182.108 7 1.02093 1.39E04 4.246

dXMP Others 8.44035 358.08 7 1.15394 <1.00E15 1.831

L-Cysteine Amino acids 9.07892 124.03 10 1.00387 <1.00E15 1884

Table 5.4 List of statistically significant metabolites between control and treatment (brain locations grouped) in PaAt@rithe positive fold changes represent ¢
upregulatedmetabolic activity andold changedess than Tepresent downregulated activity affected by LGG. ID confidence: metabolite identification level accord
the putative identification confidence levely IDEOM (410). Red highlighted metabolites were found to be related to metabolic pathways.
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Metabolite Biochemicalklass Retention time (mins) | Molecularmass ID confidence VIP score P value Fold change
D-Tryptophan Amino acids 8.41097 215.126 6 1.48489 <1.00E20 1.673
6-diazo5-oxonorleucine Others 7.96148 177.084 5 1.147% <1.00E18 3.514
Isocitrate Carbohydrates 7.79821 192.03 8 1.03723 3.75E04 0.283
Homostachydrine Others 7.61303 165.137 5 1.05549 <1.00E18 5.428
D-Fructosel,6-bisphosphate Energy metabolism 9.07581 346.015 8 1.04953 2.49E03 1.474
2-PhospheD-glycerate Carbohydrates 8.98775 185.99 8 1.05752 <1.00E20 0.736
D-Proline Amino acids 8.52481 115.06 8 1.01748 4.58E06 1.628
L-Cysteine Amino acids 9.07892 124.03 10 1.04841 <1.00E18 2.384

Table 5.5 List of statistically significant metabolites between control and treatment (brain locations grouped) in R4R&EThe positive fold changes represent 4
upregulated metabolic activitgndfold changedess than Tepresent downregulated activity affected by LGG. ID confidence: metabolite identification level accord
the putative identification confidence levels by IDEOM(@). Red highlighted metabolites were found to be related to metabolic paysw

Metabolite Biochemical class Retention time (mins) | Molecularmass Confidence ID VIP score P value Fold change
L-Cysteine Amino acids 9.07892 124.03 10 1.04841 <1.00E20 1.479
6-diazo5-oxonorleucine Others 7.96148 177.084 5 1.38492 <1.00E20 2.799
D-Fructose 1,éisphosphate Energy metabolism 9.07581 346.015 1.57583 <1.00E20 2.663
D-phenylalanine Amino acids 7.54839 165.08 8 1.15935 <1.00E20 2.539
3-Phosphoenolpyruvate Amino acids 9.19384 167.98 8 1.12637 <1.00E20 2.654
Glutathione Aminoacids 8.09843 307.08 8 1.99345 <1.00E20 4.741
D-Tryptophan Amino acids 8.41097 215.126 6 1.04959 <1.00E20 2.445

Table 5.6 List of statistically significant metabolites between control and treatment (brain locations grouped) in Fati#dhThe positive fold changes represent ¢
upregulatedmetabolic activity andold changedess than Tepresent downregulated activity affected by LGG. ID confidence: metabolite identification level accord

the putative identification confidence levely IDEOM (4L0). Red highlighted metabolites were found to be related to metabolic pathways.
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. P value
Metabolite Biochemical class Retention time (mins) | Molecularmass Confidence ID VIP score Fold change
3-DeoxyD-mannaoctulosonate 8 Biosynthesis of secondary 3.475
phosphate metabolism 8.44545 326.061 5 1.16991 <1.00E14
D-Tryptophan Amino acids 8.41097 215.126 6 1.45885 3.57608 4.284
. Biosynthesis of secondary 2.758
Ecgonine metabolism 7.96432 194.135 5 1.27894 <1.00E15
O-Succi h i Amino acids 7.96313 227.101 8 1.39435 4.322
uccinyl-homoserine . . . 1.36204
L-Cysteine Amino acids 9.07892 124.03 10 1.99483 <1.00E20 2.637
AlaMet-GInGIn Peptides 7.44822 494.265 7 1.02023 1.8312 2.849

Table 5.7 List of statistically significant metabolites between control and treatment (brain locations grouped) in Fatiefihe positive fold changes represent g
upregulatedmetabolic activity andold changedess than Trepresent downregulated aafity affected by LGG. ID confidence: metabolite identification level accordin
the putative identification confidence levels by IDEOMQ). Red highlighted metabolites were found to be related to metabolic pathways.
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Second hypthesis Central versus an-central corebrain tissue metabolomice

In this type of analysis, central core brain tissue metabolome (from all patients) was compared
to non-central core metabolome (other brain locations from all patients grouped together),
both affected by tumour. From the ORD&\ scores plot (figure 5.8), there were 207 metabolites
identified with a VIP score 1 or above. After univariate analysis was performed on the
metabolome data, there were 123 statistically changed metabolites betwertradeand non
central core (with p value less than 0.05 and FDR 5% corregt&iwn in thevolcano plot
below (figure 5.1 More than half of those metabolites expressed positive fold changes
(elevation in metabolite concentration in central core tumpas opposed to ncuentral),

although there was a large proportion of metabolites expressing negative fold change too.
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Figure 5.10. Volcano plot showing distribution of statistically significant metabolites deté
between central core tumauand noncentral core tumour. Green points represent positive fq
change in significant metabolites; red points represent negative fold change. Data is analy
univariate analysis only.

The list of statistically significant metabolites from umigte analysis was compared to the VIP
score list, to generate the list of statistically significant metabolites which passest, Twere

FDR corrected and had a VIP score of 1.0 or above. There were 31 significantly changed
metabolites (shown in table 8). Most of them were found to be elevated in concentration

(central tumour over nofrcentral tumour).
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Metabolite Biochemicaklass Ret time (mins) Molecularmass ID confidence | VIP score P value Fold
change
1,8Diazacyclotetradecan2,9-dione Others 5.60265 238.208 7 1.42423 1.93E06 0.478
D-Fructose 1,isphosphate Energy metabolism 9.07581 346.015 8 1.38493 <1.00E13 2.578
2-PhospheD-glycerate Carbohydrates 8.98775 185.99 8 1.04532 1.88505 0.853
D-Tryptophan Amino acids 8.41097 215.126 6 1.40692 <1.00E15 2.487
Ecgonine Biosynthesis of secondary 7.96432 194.135 5 1.57557 <1.00E15 1.773
metabolism
Citrate Carbohydrates 7.7821 192.03 10 1.04758 <1.00E20 1.684
Homostachydrine Others 7.61303 165.137 5 1.00455 <1.00E14 1.322
L-Rhamnulose Carbohydrates 8.38324 170.088 6 1.64369 <1.00E20 3.886
L-Histidine Amino acids 9.23138 155.07 5 1.75563 2.97E06 2.342
Carnosine Amino acids 9.07357 235.136 8 1.56694 <1.00E20 3.854
L-Cysteine Aminoacids 9.07892 124.03 10 1.73576 <1.00E20 2.847
6-diaze5-oxonorleucine Others 7.96148 177.084 5 1.48593 <1.00E20 1.492
3-Phosphoenolpyruvate Amino acids 9.19384 167.98 8 1.47583 <1.00E14 2.426
Glutathione Amino acids 8.09843 307.08 8 1.22942 <1.00E20 2.445
D-Proline Amino acids 8.52481 115.06 8 1.45583 <1.00E12 1.277
D-phenylalanine Amino acids 7.54839 165.08 8 1.45635 <1.00E20 2.631
AlaMet-GInGIn Peptides 7.44822 494.265 7 1.38485 8.76E14 0.573
D-Apiitol Others 8.05021 141.09 7 1.28531 9.19E05 3.573
DL-2-Aminooctanoicacid Others 8.38775 167.152 5 1.39996 5.97E06 1.236
gammal-GlutamyiL-cysteinylbeta- Others 7.60821 332.135 7 1.40984 <1.00E20 0.037
alanine
D-Serine Amino acids 9.30846 105.042 9 1.64832 <1.00E20 1.573
O-AcetytL-homoserine Amino acids 7.76138 167.08 8 1.36243 7.65E07 0.479
O-Succinyl-homoserine Amino acids 7.96313 227.101 8 1.26072 <1.00E20 2.403
D-methionine Amino acids 8.04627 149.05 8 1.37483 <1.00E20 4.332
Hypotaurine Amino acids 9.13925 109.02 8 1.64953 5.24E03 2.853
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2-Furoate Others 9.37829 112.02 5 1.48495 3.32E05 0.858
Tremetone Others 8.92748 202.10 5 1.43874 <1.00E20 0.048
5'-Phosphoribosylglycinamide Nucleotide 8.61633 286.06 8 1.76843 <1.00E20 2.644
1-Methyladenosine Others 10.17484 281.11 7 1.33924 1.73E02 3.284
Phenol sulphate Others 4.83522 174.84 7 1.41573 <1.00E20 3.274
D-Xylulose Ephosphate Carbohydrates 8.55547 230.02 6 1.82934 3.46E03 4.284

Table 5.8 List of statistically significant metabolites between central core tumour andembral core tumour among all patients. The positive fold chan
represent an upregulated metabolic activity (increased concentratibmetabolites in central e over noncentral core tumour, whiléold changesess

than 1represent downregulated activity. ID confidence: metabolite identification level according to the putative identificatiiciecoe levels by IDEON
(1-10). Red highlighted metabolites wereufad to be related to metabolic pathways.
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Metabolic pathway analysis

(based on metabolite concentrations/fold changes)

Metabolite Sets Enrichment Overview

Glutathione Metabalism

Glutamate Metabalism
Homuocysteine Degradation
Pyruvaldehyde Degradation
Tauring and Hypotaurine Metabalism
Pantathenate and CoA Biosynthesis
Cysteine Metabalism

Starch and Sucmase Metabalism
Citrie Acid Cyele

Fructose and Mannose Degradation
Amina Sugar Ketabolism
Galactose Metabaolism

IMethionine Metabalism

Pyruvate Metabolism

‘Warburg Effect

Glycine and Serine Maetabolism

Arachidenic Acid Metabalism

T 1
10 15

=
o

Fold Enrichment

DDDDDDDUDDII"lIl

F value

The list of potential biomarkers (key statistically significant metabolites) have been passed
through metabolic pathwayenrichment analysigMetaboAnalystito observe any important
metabolic pathways affected during intervention (glioma effect). Thmulte below shovithe
affected pathwayswith calculatedfold enrichmento 8 SR 2y Y S 0 2 FiguiéSa Q

5.11 shows the map of the nraiffected pathways ancelated metabolited fald enrichment

Ge-03

2e-01

3e-01

T2

Figure 5.11. Metabolic pathway enrichment analysis overall results showing which pathways
mostly affected by théntervention (LGG disease). Data taken from MetaboAnalyst data proces
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5.4 Discussion

In this clinical application, an investigation was performed in metabolic profiling of human brain
tissue affected by a single LGG tumour (astrocytoma grade@yeaing hypothesis questions

on intratumour heterogeneity (ITH)difference between central and nesentral core
metabolome activity,and trying to ind significant key metaboliteas potential biomarkers,
which can strongly affect metabolic pathways diping LGG pathogenesis. In the past,
metabolic heterogeneity has been investigated across several brain tufd®umst not in the
context of a single brain tumour. To date, the ITH concept has been used in otheotypgan
cancers, such as Iufigand kidney*®. Multi-region sampling in five LGG patients has been

performed in this studyo detect metabolic ITH.
Quality of metabolome data

A large number of putative metabolites, with a wide range of biochemical classes, were detected
in human brain tissue. As was expected, the majority of metabolites belonged to a polar class,
due to pola extraction of tissues in hydrophilic conditions. Several untargeted and targeted
metabolomics studies have previously been performed on mammalian brain tissue, for a variety
of reasons, showing a wide range of detected polar metabolites, high qualityrapata and

good analytical performance throughout the experiments (good QC re§ttt8y*"However,

these studies showed a wide biological variation in their samples. Most of them did not use any
normalisation or advanced normalised method, for exanf@isotopes, to minimise the vast
data variation that developed during sample extraction, preparation and analytical analysis of
brain tissue samples. Therefore, an advanced normalisation method proposed earlier in this
thesis has been applied to braingigse samples in this study to help improve data accuracy and
to interpret complicated metabolic queries relating to the ITH of brain tissue and metabolic

pathways analysis.

In this study, the main results of normalised metabolomics data of&f&Gted hunan brain
tissue have shown a clear difference between control (epilggcted human brain tissue)

and treatment groups (brain tisssetaken from various anatomical resections in each
individua), through OPL-BA modet ¢ shown in figure 5.7Inthosemodels, a clear separation
between the groups with high Q2 scores (greater than 0.5) and clustered data points (reduced
variation), have demonstrated that there might be a presence of ITH in metahotivity
between brain tissues (taken by various resatsioin each individuaFurther statistical analysis

using the univariate approach helped to detect a range of key statistically significant metabolites
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(shown in tables 5.3 to 5.7) confirming the presence of ITH. Among those key metabolites, there
were sane which were found to be linked to major metabolic pathways, such as the TCA cycle,
glycolysis and MAPK (mentioned in the introduction). Examples of common, significantly
different metabolites found among patients ONE to FIVE in the experimental data, ver
fructose-1,6-bisphosphate, hosphaeD-glycerate, isocitrate, Eryptophan, Lcysteine and
glutathione. All of these metabolites are hugely involved in physiological metabolic pathways,
closely related to cell proliferation and growth, so a changadirimetabolic activity influenced

by genetic mutations can massively affect cell proliferation, and hence cause é¢#ncer.
Statistically significant metabolites and metabolic pathways

D-fructose-1,6-bisphosphate and-phosphaD-glycerate metbolites both play an essential role

in the glycolysisand glutamineglutamate pathways which areimportant for cell growth,
convertingglucose into thenetabolite pyruvate and releasirenergy in the form of ATP, which

is used in further important metabial reactions** Pyruvate then enters pyruvate metabolism,
generating acetyCoA, which then activates the TCA cycle metabolic reacttdmberefore, an
inhibitory or elevated effect of fructosel,6-bisphosphate and -phospheD-glycerate can

have huge consequences on gliysis and related pathways, significantly affecting cell
proliferation. From the experimental data in this study, the levels of both metabolites were
elevated (increased concentration levels) in LGG brain tumour tissue compared to the control.
For Dfructose-1,6-bisphosphate, the metabolic activity was increased by a fold change of 1.4
(patient ONE), 2.8 (patient TWO), 1.5 (patient THREE) and 2.6 (patient EQatRent FIVE
tumour samples did not display the significance of this metabolite. fgra3pheD-glycerate,

the metabolic activity was also increased, but the fold change was sméllé24 (patient ONE),
0.573 (patient TWO), 0.736 (patient THREE), with the tumour samples of patients FOUR and
FIVE not displaying any significant reaction to this abelite. The elevation of these
metabolites has already been observed in metabolomics studies in the past. For example, in one
study with GMB brain samples, an increased rate of phosphorylation of fruétpbesphate

into fructosel,6-bisphosphate was olesved in tumour samples, showing highly elevated
concentrations of fructosd,6-biphosphate in cancer cetté: In another study, the metabolite
levels of 2phosphaglycerate was observed to be elevated in human astrocytoma LGG tissues.
That study showed overexpressed activity of the enzyme phosphoglycerate mutase 1 that
normally catalyses -Bhosphoglycerate into -phosphoglycerate. With its high activity, the
production of 2phosphoglycerate was very rapid in the tumour céffsin epilepsy, these
metabolites have never been shown to be affected in their metabolic activity and have never

been investigated as potential biomarkers in epilepsy, even though the rate aflggis was
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found to increase during seizuréS. Therefore, the control sample didot influence the
metabolic levels of Bructosel,6-bisphosphate and -phospheD-glycerate in any way that
could affect interpretation of the dataFigure 5.11 shows how the two major metabolic

pathways (glutathione, glutamate have highastount of keymetabolitesfold changé.

Another statistically significant metabolite observed between control and treatment samples in
this study was isocitrate, the key metabolite in the TCA cycle pathway. In TCA metabolism,
isocitrate is normally reduced to the metalie alphaketoglutarate by IDH and IDF2
enzymes (see figure 5.3). In LGG there is a high chance of IDH gene mutations, mentioned
earlier, which lead to deactivation of these enzymes, metabolising isocitrate iato 2
hydroxyglutarate, interrupting and dawegulating the TCA cycle. Therefore, the levels of
isocitrate may be reduced. In this study, it can be seen that metabolic fold changes between
treatment and control for isocitrate are less than &, in patient ONE (0.9) and in patient TWO
(0.8), showingthe decrease in metabolic activity of isocitrate in LGG tumour tissue. The
downregulation of isocitrate, citrate and TCA cycle related metabolites has been observed in
glioma studies befor&**44>Figure 5.11 shows that in TCA cycle patihthere were low number

of fold changes in key metabolitddnfortunately, the expected elevation in metabolic activity

of 2-hydroxyglutarate or decrease in alpkatoglutarate were not observed in this study, as the

metabolites were not even detected this metabolic LBAS analysis.

D-Tryptophan has also been observed as a statistically significant metabolite between control
and LGG tumour, in almost all patients in this study. Its metabolic activity has been elevated in
LGG tissue, with increased faldanges in patient ONE (by 2.5), patient THREE (by 1.6), patient
FOUR (by 2.4) and patient FIVE (by 4.2). Generally, tryptophan is found to activate oncogenes
and shield glioma cells from detection by immune cells. Several metabolic studies in glioma have
demonstrated an increase in tryptophan metabolite levels, showing it to play an important role

in pathogenicity, as it is linked to the TCA cycteyptophan activates the metabolite acetyl

CoA, increasing the activity of TCA metabolism and leading nmuu development46448
Tryptophan was also found #d glioma resistance to oxidative stress (radicals that may destroy

tumour cellsy*®

L-cysteine and glutathione also play an important pathogenic role in gliomas. In this study, their
metabolic activity has been increased in LGG tumour brain tissue, compared to the apntrol
fold changes were elevated in a few patients. This observation was expected, because in
gliomas, the cellular uptake of cysteine is generally increased. As cysemerecursor of

glutathione biosynthesis, glutathione levels would also be expected to increase in glioma
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cells?*° Increased metabolic levels of glutathione in glioma cells has a huge effect on the TCA
cycle, as well as the MAPK pathway. Elevatedideveglutathione were shown to inhibit the

MAPK pathway, preventing antioxidant protection of healthy brain ¢#&lls.
Central versus noftentral core metabolism

Metabolism of entral and na-central core tissues was compared to eadhen in order to
understandthe effectof LGG tumoudevelopmen throughout the brain tissues arttie role of
residual cells in LG@athogenesisOPL®DA model(figure 5.8)showed a clear separation
between thecentral core and nowentral coregroups demonstrating metabolic differences in
tumour activity between those regions. Further statistical analys#ped to reveal some key
statistically significant metabolites (table 5.8), some of which were in common with key
metabolites detected for individal patient datasets (tabke5.3 t05.7). It appears that in central
core LGG brain tissgesome metabolitesvere involved in important metabolic pathwaysich

as TCA cyclend glycolysisand hadhighermetabolic activitythan innon-central core tissues.
This supports the theory thahetabolism incentral corebrain tissuess hugely affected during
cancer developmentespecially in the early stagebthe disease. The tumour then progresses
and affectsother brain tissues surrounding central core (poamtral core tissues), further
spreadinghe diseasehroughout the brain. Presence of tumour activity in ro@antral core may
lead to the development of residualeits, causing recurrentumour. Therefore, further
statisticalanalysis could be performeoh non-central core metabolism data, in order to see
how the tumour is progressing through residual cells. However, this is outside of the scope of

this chapter.

5.5 Conclusion

In this study, several statistically significant metabolites involved in impbnaetabolic
pathways have been identified between LGG brain glioma astrocytoma and control brain tissue,
as well as between central core and roentral core brain glioma tissue. It appears that there

is a significant difference in metabolic activity beewn various brain tissue regions for each
patient ¢ as shown in the OPI{FA models (figure 5.7 and 5.8) and the list of statistically
significant metabolites. Therefore, according to the acquired data from this study, the first
hypothesis can be fully agoted, showing theextent of heterogeneity between patientgor

the second hypothesis, stating that there is ITH between patients for each brain location, the

data was very hard to interpret, as some patients did not provide their tissue from all of the
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brain locations which were tested in this stugljor example, patient ONE did not provide LGG
tissue from the anterior location, while patient FIVE did not provide tissue from the superficial
location. Therefore, it was difficult to interpret this comn. The reason for not obtaining
brain tissues from each location for every single patient, which would make data more
consistent, might have been due to risks of affecting healthy tissue during biopsy technique or
further damaging brain of a patieqtin some situations, it is easy to remove certain brain tissue

from particular location, especially if it is found deep inside the brain.

The key statistically significant metabolites detected betwélea LGG tumour and control
tumour were D-fructose-1,6-bisphosphate, 2ohospheD-glycerate, isocitrate, fryptophan, L
cysteine and glutathione. These metabolites can act as potential biomarkers for the LGG
disease, as targeting their metabolism or related metabolic pathways may help to suppress LGG

tumour cellproliferation.

LCMS analysis 0EGG brain tissue samples produced clear and distinctive results. With the
advanced normalisation technigue involved in this analysis, the highly accurate acquired data
helped to detect important metabolite changes in metdib pathways and detect potential
biomarkers. This information can help researchers to understand more about low grade glioma
cell proliferation and how can it develop into high grade glioma by monitoring changes in
metabolic activity. Some of the key nadtolites detected in this study may also be of use as
diagnostic parameters, rather than fully relying on MRI scans and other types of imaging. For
example, tryptophan, cysteine and alpkatoglutarate have already been used as diagnostic

parameters of gtimas?*?

Now that ITH in LGG brain tissue samples between individuals and brain regionsehas be
observed, it would be interesting to see the same observation in high grade gliomas, such as
GBM. For this case study, GBM would be a perfect comparison, as grade 2 astrocytoma LGG
normally develops into GBM as the disease progresses over the timelatda&om both LGG
astrocytoma and GBM can provide better understanding on potential biomarkers, metabolic

pathways affected during those conditions and designing effective treatment.
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Chapter Six

Conclusions and Future Work
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6.1 Method development and validation

In this thesis, a proposed IMS method with an advanced normalisation technique involving
(UY3C labelledE. colibacterium as a source of multiple internal standard®C (labelled
metabolites) has been applied in vasieof clinical untargeted studies. The main aim of this
project was to demonstrate the effectiveness of this normalisation technique in improving
accuracy and quality of metabolome data for a wide range of polar anepotam metabolites

in the mammalian @mples, which were involved in untargeted metabolite profiling
experiments. Great attention to detail was applied in the development of the method,
validation using a small number of biological samples from human and animal biofluids and
tissues, and applation of the method to a range of clinical mammalian samples with different
diseases to obtain highly accurate data on potential biomarkers involved in specific metabolic
pathways. As mentioned earlier, currently there is very limited research performééCi
normalisation of mammalian metabolomes in untargeted studies, possibly due to a lack of
resources (availability of commerci&iC labelled internal standards for a wide range of
metabolites) and their high cost, availability of clinical samples anashel or other related
reasons. Therefore, in this thesis it was decided to address this issue by designing a new method
of 3C normalisation using a uniformly labelled microorganism and applying it to a set of
untargeted metabolomics studies with mammalian samples. The thesis was split into two main
parts: chapters two and three described method development and its validatioife ehapters

four and five involved the application of the developed method in clinical studies.

Chapter two has looked at the method development. The results have demonstrated that the
E. colibacterial organism was a suitab#urce of internal standds because of its large
detected metabolome (over 700 putative metabolites on average), the majority of which (80%)
were found to be in common with the metabolome of human biofluids and tissb@sed on
information from HMDBand EDB online database$®?# One of the challenging steps in
method development was finding the most suitable and optimised method of efficient
extraction forE. coliA number of already existing metabolite extraction techniques have been
used in the past, applying different methods to obtain a good quality extract, each having their
own advantages and limitatiori8?2692852%1The experimental data in chapter two concluded
that for E. coliusing icecold methanol extraction solvent followed Iiseezethaw cycles and
centrifugation generated a very good quality of extract with a larger number of detected
metabolites, compared to other extraction methods such as drying extraction or using another

solvent (acetonitrile). In one study, using methaand freezehaw cycle extraction has also
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shown the best extraction results f&. col?®® In fact, some of the techniques such drying
extraction involving speed vacuum centrifugation can be associated with possible metabolite
degradation during the drying stage, as shown in another extraction $tddy. cal and
Spirulinawere chosen for comparative analysis, as both microorganisms are extensively
involved in clinical and pharmaceutical areas of rese&th® E. colimetabolome results, on
average, have demonstrated a clear advantage @&rulinaextract in terms of number of
deteded metabolomes, easy extraction method, cost and good metabolite peak signal

response.

When it came to labelling the bacterial organisms wit@ isotopes, the main aim was to
generate an extract with a wide range 8€ labelled metabolites. The chos@u)-*Glabelled

E.coli, on average, has shown to have a large proportion of metabolites labelled®itbotope
(80%), with the remaining 20% of the metabolome being unlabelled, possibly due to
introduction of carbon dioxide during bacterial growththe contribution of*2C isotope from

LB media. This was perhaps the most challenging task, to generate a fully |&beltdidxtract
without any presence of?C isotope. It was for this reason that the M9 minimal medium was
used during the bacterial gnth procedure, as it has a minimal amount’é€ isotopes and
enough ingredients to generate a good bacterial growth. However, bedauselineeded an

[ . YSRAdzy +ta ¢Stttz F2NI Ly AYyAGALE aoz22adé¢ 27
have troduced a certain amount dfC isotopes. Several studies in the past have been growing
E. colextract in a°C labelled environment for a variety of purpoggsainly for tracking activity

and function of microorganisms in a biological system, meagunietabolite fluxes or for
monitoring the metabolic activity of a peptidoglycan polymer in bacterial cell membranes. These
studies have successfully managed to label a large number of metabolites*@iisotope,
showing high isotopic purity dfC, but here was also a presence '8€ isotopes. This showed
that it was almost impossible to have an entire metabolome labelled successfully and therefore

demonstrated that the technique has its limitatiof8:457:458

The next step wal® validatethe proposed normalisation method using appropriate biological
samples of interes(U)-*C labellecE. colivas applied in human urine, human brain tissue and
mouseplasma samplesall of which did not contain any traces of serious clinicgale, apart
from the brain tissue which was taken from volunteers suffering from seizumeall three
studies, a wide range of metabolites have shown a significant reduction in metabolite data
analyticalvariationthrough percentageRSDralculationsg in human urine and brain studies
(approximately 70% had their RSD redu¢@tjhe mouseplasma study (90% of metabolites)

¢ in contrast to noAnormalised metabolomedMultivariate analysisHCA and OPILHA score
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plots) also showed effective normalisatioasults by demonstrating cleaeparation between

data groupswith sample replicates clustered andhigh recordedQ2 scores. Finallythe
normalisation technique has helped to detect more statistically significant metabolites in all
three studies, comparetb non-normalised datasets. This method Hasenshownto pass a
validation stagereducingthe metabolite variationoveralland improvinghe accuracy of data

by detectinga high number of statistically significant metabolités mentioned earlier in the
introduction chapter and chapter three, th&C normalisationtechnique has already been
applied in a variety of metabolomics studies (mainly targeted analysis) to assist in an accurate
identification and quantification of intracellular metabolites, witimited research in
untargeted studieg®195206 Despite the use of*C labelled internal standards in normalising
metabolite dataresearch scientists still face issues such as matrix effects and ion suppression
problems in metabolome data, even after normalisation. Some studies have demonstrated
that internal standards had an effect on analyte structure and concentration, and flawrra
chromatography, all of which could cause ion suppression and lead to development of matrix
effects. However, the biggest limitation which was found even with an impro\éd
Y2NXIfAaFGA2Y GSOKYAIl dzSSt di & 2 yi & Svhonekant @t Ji- SI2 dzy F
internal standard could not be found for a particular metabolite, so a different internal
standard with similar chemical properties had to be used instead. Some studies did not agree
with this principle, stating retention time does not fullgflect all matrix and chemical
properties of a metabolite, and it might not be very accurate to use one internal standard on
several metabolites which happen to-etute with the same retention timé>* Regardless of

this, the main advantages of usingC internal standards in normalising metabolome data
outweigh these limitations. The experiments in chapter three have confirmed that the
technique successfully reduced metabolome data variation armarayticalreplicates and
improved the accuracy of datklowever, such a great difference in %RSD was not observed
between *C normalisation and other normalisation methods. Other normalisation methods
such as MSTUS, TIC and Creatinine demonstrated similar degree of reductiR&0nfés the
majority of metabolites in all three case studiesompared to *C normalisation *C
normalisation still demonstrated the best results and lower %RSD variance but not as
effectively as was expected tomparison to other techniques3C normabation is stilla
relatively new methodand therefore the labellig efficiency of all metabolitesovering &l
carbon atomswith *Cin the structureis proving b be a tricky stepaffectingthe efficiency of
normalisation overall, hence %RSD variance reduction is not huge in contrast to other

normalisation techniques.
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6.2 The clinical applications of the developed -MS
normalisation method

In chapterdour andfive, a fully validated L®Smethod witha **Cnormalisation technique has

been applied in two clinical investigation studigsprderto obtain highly accuratenformation

on potential biomarkers and theeffect on metabolic pathwaysked with disease progression

In both clinich studies,**C normalised metabolome data has helped to detect a number of
statistically significant metabolites which were observed to affect certain metabolic pathways
involved in the investigated diseases, showing poterttiabe biomarkers.Some of thee
statistically significant metabolites and their associated metabolic pathways were linked to
previous studies, confirming their importance in the pathogenesis of a disease. For example, in
chapter five, where low grade glioma pathogenesis was investigat human brain tissue, a

set of potential biomarkers including metabolitesfiDctose 1,6-bisphosphate, phospheD-
glycerate were observed. They were shown to be elevated in the glycolysis pathway, which was
found to be important in glioma progressiongnfirming their significance. In chapter four,
important, statistically significant metabolites such aasrythrulose, cisaconitate and allantoin

were shown to be elevated in urine and plasma samples of individuals treated with a high fatty
acid meal. Merefore, it can be concluded that an improved normalisation technique has indeed
played an important role in minimising data variation and helping to obtain highly accurate
metabolome data in clinical samples, showing promise for potential use in fugtge tlinical

studies investigating potential biomarkers.

However, one of the clinical studies (in chapter four) did not contain actual disease samples
urine and plasma were taken from individuals who took a high fatty acid meal, but were
otherwise heahy and did not have diabetes. This meal might have triggered certain
metabolites and metabolic pathways associated with diabetic response (increase in blood
glucose levels), as shown in the final results, but these statistically significant metabotites an
their associated metabolic pathways cannot be fully interpreted in the context of the diabetes
disorder. This was one of the limitations found in this project. To fully confirm the usefulness of
a validated normalisation method in clinical samples, dctlisease samples have to be used.

In chapter five, the samples were taken from individuals with a developed disorder (LGG brain
tumour), so the clinical results (a list of potential biomarkers and linked metabolic pathways)
were shown to be appropriate fothe disease and could be used further in the clinical
interpretation of glioma. However, the difficulty in obtaining a consistent number of brain tissue

samples from each brain region for all volunteers, may have complicated the interpretation of
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the reailts and therefore could not confirm the second hypothesigtra-tumour heterogeneity
between individuals for each brain location. Also, the control sample in this study was chosen
to be brain tissue from a patient with epilepsy, rather than obtainingltig brain tissue from

an individual with low grade glioma. As it is almost impossible to obtain healthy tissue from
glioma patients to use as a control, because most of the brain tissue in each individual was
affected by the disease, the healthy tisswmdho be taken from an individual with a similar brain
physiology closely related to the symptoms of glioma (seizures from an epileptic patient). These

factors were found to be the limitations in this study.

Generally, for the clinical studies to be morahble, the number of volunteers and samples
needs to be increased. In both clinical studies, there were only five or six volunteers who
provided their samples. Increasing the number of participants in such studies can provide more
metabolite and biomarkerinformation for a particular disease. Due to time and fund
constraints, most of the reported potential biomarkers were only tentatively identified. They
could be better defined by using targeted approaches withtMSIMS instrumentation, as well

as using pre authentic standards for statistically significant metabolites, to fully confirm their

identity and increase the confidence levels of those biomarkers.

Despite the points outlined above, the clinical studies have clearly demonstrated the differences

in metabolic activity between control and disease samples.

6.3 Future Work

Now that it has been established thd€ normalisation can indeed help to achieve useful results
for untargeted mammalian metabolomics studies, additional work which is beyondctipges
of this thesis could be beneficial to observe what could be done to further improve the

normalisation method in LL81S metabolite profiling experiments of clinical samples.

One of the future work goals should focus on how to avoid unsuccessful nsati@h of
metabolites after normalisation of metabolome data. From chapter three, it can be seen that
metabolites which were unsuccessfully normalised were not paired with their correspofi@ing
labelled peaks. This could have happened because the uwpaietabolites simply were not
detected in theE. coliextract, therefore would not have a pairééC labelled internal standard

in the first place. One way to improve this issue would possibly be to introduce commercially

available®*C labelled internal sindards for those metabolites which did not have a pairé&
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internal standard. The commercially purchased internal standards would be introduced to the
samples of interest, which would be analysed again, followed by the normalisation data
processing onlyfor any remaining unsuccessfully normalised metabolites. Even though it is
expensive to purchase individual labelled internal standards, it can guarantee that all of the

metabolites in the samples would be normalised effectively.

Another improvement tohe technique would be to apply the normalisation method in a wider
range of mammalian biofluids and tissues. Biofluid samples such as saliva, cerebrospinal fluid
and body sweat also contain important metabolites which are significantly changed by diseases,
so are worth applying a normalisation method to. Application to a variety of tissues would also
be beneficiat liver tissue, heart and kidney, which are constantly affected by a variety of serious
diseases. It would be interesting to observe to what @egdata variation can be reduced in

these types of samples.

Once the proposed normalisation IMS method can be applied in a variety of mammalian
biofluid and tissue samples in metabolomics, the method can then be tested in other omics
studies, includindipidomics and proteomics, to see if normalisation can work for different
classes of biochemical compounds. At this stage, the method would have to be optimised again
to fit certain requirements of lipid profiling or proteomidSor example*C labellingof wide

range of lipids, using the identical uniform &ling technique but using slightly different
chromatographic and solvent parameters appropriate to lipidomazs) be useful to label
hydrophobic/lipophilic metabolites in mammalian samples to fullgver the range of

metabolites and lipids for full normalisation effect.

In clinical studies, to fully validate the potential biomarkers, it would be wise to use the targeted
metabolomics approach with E@S/MS instrumentation for those clinical samplesafwould

give more qualitative and quantitative information about the reported biomarkers.

In summary, the contents of this thesis demonstrated that in all of the validation and clinical
studies, the proposed KIS method using®*C normalisation techniquéas shown a clear
advantage in obtaining highly accurate metabolome data by demonstrating a significant
reduction in metabolite data variation in biological samples, through percentage RSD
calculations, multivariate and univariate statistical analysiss&hresults have demonstrated a
potential use of this method towards normalising a wide range of metabolites in untargeted
metabolomics studies using mammalian samples. This can be of benefit by providing further

understanding of the biological processetated to the study in question.
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Appendix Al. Authentic standard metabolites
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Monoisotopic | pHilic Ret | Concentration
No Authentic standard name Formula mass time (mins) (mM)
1 (Ry2-Hydroxyglutarate C5H805 148.0372 8.11 100
2 (RYAcetoin C4H802 88.0524 12.49 10
3 (R)Lactate C3H603 90.0317 7.39 100
4 (SyMalate C4H605 134.0215 8.46 80
5 1,3-Diaminopropane C3H10N2 74.0844 13.34 100
6 1-Aminocyclopropand-carboxylate C4H7NO2 101.0477 13.96 100
7 1-Aminopropan2-ol C3H9NO 75.0684 15.51 100
8 1-Butanol C4H100 74.0732 15.37 10
9 1HImidazole4-ethanamine C5HIN3 111.0796 11.07 10
10 1-Naphthylacetic acid C12H1002 186.0681 6.06 5
11 2,3-BisphospheD-glycerate C3H8010P2 265.9593 15.27 10
12 2-Aminobutanr4-olide C4H7NO2 101.0477 15.99 10
13 2-DeoxyD-glucose C6H1205 164.0685 9.79 10
14 2-Ethylhexyl phthalate C16H2204 278.1518 5.74 10
15 2-hydroxyethyldisulfide C4H1002S2 154.0122 6.62 100
16 2-Methylcitrate C7H1007 206.0427 9.69 100
17 2-Oxoadipate C6H805 160.0372 7.39 100
18 2-Oxobutanoate C4H603 102.0317 6.53 100
19 2-Oxoglutarate C5H605 146.0215 8.11 100
20 3-(3-Hydroxyphenyl}propanoic acid C9H1003 166.0630 7.14 10
21 3-(4-Hydroxyphenyl)pyruvate C9H804 180.0423 6.64 10
22 3,4-Dihydroxymandelate C8H805 184.0372 9.61 100
23 3,4-Dihydroxyphenylacetate C8HB804 168.0423 7.39 100
24 3',5-Cyclic AMP C10H12N506P 329.0525 11.39 10
25 3',5-Cyclic GMP C10H12N507P 345.0474 10.72 10
3alpha,12alphéDihydroxysbeta-cholan24-

26 oic Acid C24H4004 392.2927 5.97 10
. 3a|pha,7a|phdi)lr:))i/gt:;y(fbeta-cholan%e C24H4004 392 2927 599 10
28 3-Hydroxyphenylacetate C8H803 152.0473 6.53 10
29 3-Methoxy-4-hydroxymandelate C9H1005 198.0528 7.16 10
30 3-Methoxy-4-Hydroxyphenylglycolsulfate C9H1207S 264.0304 7.58 10
31 3-Methoxytyramine C9H13NO2 167.0946 7.86 10
32 3-Methyl-2-oxobutanoic acid C5H803 116.0474 6.19 100
33 3-PhospheD-glycerate C3H707P 185.9929 9.14 10
34 4-Aminobenzoate C7H7NO2 165.0790 6.65 10
35 4-Aminobutanoate C4HINO2 103.0633 23.47 100
36 4-Aminohippuricacid C9H10N203 194.0691 7.51 100
37 4-Coumarate C9H803 164.0473 6.30 100
38 4-Hydroxybutanoic acid C4H803 104.0473 14.22 10
39 4-Hydroxyphenylacetate C8H803 152.0473 7.51 100
40 4-Trimethylammoniobutanoate C7H15NO2 145.1103 14.31 100
41 5-Aminolevulinate C5HI9NO3 131.0582 15.44 100
42 5-Hydroxyindoleacetate C10H9NO3 191.0582 8.73 10
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43 5-Methoxytryptamine C11H14N20 190.1106 12.53 100
44 5-Methoxytryptamine C11H14N20 190.1106 12.68 50
45 5'-Methylthioadenosine C11H15N503S 297.0896 9.75 10
46 5-Oxoproline C5H7NO3 129.0426 7.82 100
47 6-PhospheD-gluconate C6H13010P 276.0246 11.24 10
48 Acetaldehyde C2H40 44.0262 8.47 100
49 AcetytCoA C23H38N7017P3 809.1258 12.48 10
50 Acetylcysteine C5HINO3S 163.0303 6.79 100
51 Adenine C5H5N5 135.0545 13.32 10
52 Adenosine C10H13N504 267.0968 11.07 10
53 ADP C10H15N5010P4 427.0294 14.94 10
54 Agmatine C5H14N4 130.1218 15.75 100
55 Allantoin C4H6N403 158.0440 11.12 10
56 AlphaHydroxyisobutyricacid C4H803 104.0473 6.74 100
57 AMP C10H14N507P 347.0631 12.70 10
58 Ascorbate C6H806 176.0321 10.30 10
59 ATP C10H16N5013P4 506.9958 15.33 10
60 Benzoate C7H602 122.0368 6.17 10
61 Betaine C5H11NO2 117.0790 12.69 100
62 Biopterin C9H11N503 237.0862 10.64 100
63 Biotin C10H16N203S 244.0882 22.48 10
64 Cadaverine C5H14N2 102.1157 16.42 100
65 CDP C9H15N3011P2 403.0182 6.24 10
66 Choline phosphate C5H14NO4P 183.0660 15.27 100
67 citrate C6H807 192.0270 11.34 10
68 CMP C9H14N308P 323.0519 14.11 10
69 CoA C21H36N7016P3 767.1152 6.72 10
70 Creatine C4HIN302 131.0695 14.32 100
71 Creatinine C4H7N30 113.0589 15.09 100
72 CTP C9H16N3014P3 482.9845 13.57 10
73 Cytidine C9H13N305 243.0855 15.36 100
74 Cytosine C4H5N30 111.0433 15.67 10
75 dAMP C10H14N506P 331.0682 12.49 10
76 D-Arabinose C5H1005 150.0528 10.84 100
77 Deoxyadenosine C10H13N503 251.1018 10.86 10
78 Deoxycarnitine C7H16NO2 146.1181 6.38 10
79 Deoxyguanosine C10H13N504 267.0968 10.24 10
80 Deoxyribose C5H1004 134.0579 12.14 100
81 Deoxyuridine C9H12N205 228.0746 7.99 10
82 D-Erythrose C4H804 120.0423 10.14 100
83 D-Erythrose 4phosphate C4H907P 200.0086 11.79 100
84 D-Fructose C6H1206 180.0634 10.82 100
85 D-Fructose 1,&isphosphate C6H14012P2 339.9961 13.92 10
86 D-Fructose éphosphate C6H1309P 260.0297 12.53 100
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87 D-Galactarate C6H1008 210.0376 12.46 10
88 D-Galactose C6H1206 180.0634 11.79 100
89 D-Galacturonate C6H1007 194.0427 11.95 100
90 D-Gluconic acid C6H1207 196.0583 11.66 100
91 D-Gluconel,4actone C12H2002 178.0477 19.34 100
92 D-Glucosamine C6H13NO5 179.0794 17.23 100
93 D-Glucosamine 4phosphate C6H14NO8P 259.0457 15.29 100
94 D-Glucose C6H1206 180.0634 11.55 100
95 D-glucose éphosphate C6H1309P 260.0297 12.70 100
96 D-Glycerate C3H604 106.0266 9.22 100
97 dGMP C10H14N507P 347.0631 12.16 100
98 diIMP C10H13N407P 332.0522 11.21 10
99 DL-Glyceraldehyd&-phosphate C3H706P 169.9980 12.70 10
100 Dopamine C9H11NO4 197.0688 10.12 100
101 D-Ribose C5H1005 150.0528 9.96 100
102 D-Ribose fphosphate C5H1108P 230.0192 11.91 100
103 D-Threose C4HB804 120.0423 9.99 100
104 dUMP C9H13N208P 308.0410 10.32 100
105 Ethanolamine phosphate C2HBNO4P 141.0191 14.02 100
106 FAD C27H33N9015P4 785.1571 12.37 10
107 FMN C17H21N409P 456.1046 9.76 10
108 Folate C19H19N706 441.1397 9.56 5

109 Fumarate C4H404 116.0110 6.84 100
110 Gallate C7H605 170.0215 9.36 10
111 GDP C10H15N5011P4 443.0243 5.38 10
112 Glutarate C5H804 132.0423 6.76 100
113 Glutathione C10H17N306S 307.0838 12.59 100
114 Glutathione disulfide C20H32N6012S57 612.1520 14.99 10
115 Glyceraldehyde C3H603 90.0317 5.38 100
116 Glycerol C3H803 92.0473 7.73 100
117 Glycine C2H5NO2 75.0320 14.40 100
118 Glycolate C2H403 76.0160 8.16 100
119 Glycylglycine C4H8N203 132.0535 15.89 100
120 Glyoxylate C2H203 74.0004 10.14 100
121 GMP C10H14N508P 363.0580 12.59 10
122 GTP C10H16N5014P4 522.9907 10.47 10
123 Guanidine CH5N3 59.0484 13.57 10
124 Guanidinoacetate C3H7N302 117.0538 15.15 10
125 Guanine C5H5N50 151.0494 12.50 10
126 Guanosine C10H13N505 283.0917 10.86 10
127 HEPES C8H18N204S 238.0987 15.98 10
128 Hexanoylcarnitine C13H25N04 259.1784 11.03 100
129 Hippurate CI9HINO3 179.0582 6.48 100
130 Homocystine C8H16N204S2 268.0551 15.61 100
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131 homovanillate C9H1004 182.0579 6.40 10
132 Hypoxanthine C5H4N40 136.0385 9.58 10
133 IDP C10H14N4011P4 428.0134 6.23 10
134 Imidazole C3H4N2 68.0375 11.27 100
135 Imidazole4-acetate C5H6N202 126.0429 14.38 100
136 IMP C10H13N408P 348.0471 11.53 10
137 Indoxylsulfate C8H7NOA4S 213.0096 17.38 100
138 Inosine C10H12N405 268.0808 9.59 10
139 isobutanal C4H80 72.0575 8.23 50
140 Isonicotinic acid C6H5NO2 123.0320 8.64 10
141 Itaconate C5H604 130.0266 6.94 100
142 L-2,3-Diaminopropanoate C3H8N202 104.0586 18.57 100
143 L-2,4-Diaminobutanoate C4H10N202 118.0742 18.46 100
144 L-2-Aminoadipate C6H11NOA4 161.0688 17.21 100
145 L-2-Aminoadipate C6H11NO4 161.0688 13.27 100
146 L-Adrenaline C9H13NO3 183.0895 15.89 100
147 L-Alanine C3H7NO2 89.0477 13.94 100
148 L-Arginine C6H14N402 174.1117 18.98 100
149 L-Asparagine C4H8N203 132.0535 14.05 100
150 L-Aspartate C4H7NO4 133.0375 13.63 100
151 L-Carnitine C7H15N0O3 161.1052 14.77 100
152 L-Citrulline C6H13N303 175.0957 14.39 100
153 L-Cystathionine C7H14N204S 222.0674 15.83 10
154 L-Cysteate C3H7NO5S 169.0045 12.06 100
155 L-Cysteine C3H7NO2S 121.0198 13.00 100
156 L-Cystine C6H12N204S2 240.0239 15.45 10
157 L-Dehydroascorbate C6H606 174.0164 10.20 100
158 Leucinicacid C6H1203 132.0786 6.27 100
159 L-Glutamate C5HINO4 147.0532 13.53 100
160 L-Glutamine C5H10N203 146.0691 13.91 100
161 L-Gulong1,4lactone C6H1006 178.0477 7.03 100
162 L-Histidine C6HIN302 155.0695 18.35 100
163 L-Homocysteine C4HIONO2S 135.0354 12.86 10
164 L-Homoserine C4HINO3 119.0582 13.90 100
165 Lipoamide C8H15N0OS?2 205.0595 6.26 10
166 Lipoate C8H1402S2 206.0435 5.97 10
167 L-Isoleucine C6H13NO2 131.0946 12.18 100
168 L-Kynurenine C10H12N203 208.0848 11.62 10
169 L-Leucine C6H13NO2 131.0946 11.84 100
170 L-Lysine C6H15N202 146.1055 13.36 100
171 L-Metanephrine C10H15NO3 197.1052 13.90 10
172 L-Methionine C5H11NO2S 149.0510 12.10 100
173 L-Methionine sulfone C4HIONOS5S 181.0409 13.37 50
174 L-Noradrenaline C8H11NO3 169.0739 16.97 100
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175 L-Norleucine C6H13NO2 131.0946 11.70 100
176 L-Normetanephrine C9H13NO3 183.0895 14.60 100
177 L-Ornithine C5H12N202 132.0899 18.93 100
178 L-Phenylalanine C9H11INO2 165.0790 14.60 100
179 L-Proline C5HINO2 115.0633 12.67 100
180 L-Rhamnose C6H1205 164.0685 10.92 100
181 L-Serine C3H7NO3 105.0426 14.22 100
182 L-Threonine C4HI9NO3 119.0582 18.64 100
183 L-Tryptophan C11H12N202 204.0899 12.18 10
184 L-Tyrosine C9H11NO3 181.0739 12.74 10
185 L-Valine C5H11NO2 117.0790 12.77 10
186 Maleic acid C4H404 116.0110 6.20 100
187 Malonate C3H404 104.0110 7.78 100
188 Mannitol C6H1406 182.0790 11.26 100
189 Melatonin C13H16N202 232.1212 6.28 5

190 Menadione C11H802 172.0524 6.02 10
191 Mercaptoethanol C2H60S 78.0139 8.84 100
192 Mesaconate C5H604 130.0266 6.54 100
193 meso2,6-Diaminoheptanedioate C7H14N204 190.0954 16.50 10
194 methylglyoxal C3H402 72.0211 11.37 100
195 Methylguanidine C2H7N3 73.0640 15.13 100
196 Methylmalonate C4H604 118.0266 6.86 100
197 MOPS C7H15N0O4S 209.0722 11.31 100
198 myo-Inositol C6H1206 180.0634 5.35 100
199 N(pi}Methyl-L-histidine C7H11N302 169.0851 18.57 100
200 N6-AcetyL-lysine C8H16N203 188.1161 13.07 100
201 N6-Methyl-L-lysine C7H16N202 160.1212 13.13 100
202 N-AcetytD-glucosamine C8H15N0O6 221.0899 10.09 100
203 N-Acetylglutamine C7H12N204 188.0797 8.51 10
204 N-AcetytL-glutamate C7H11NO5 189.0637 7.58 10
205 N-AcetytL-phenylalanine C11H13NO3 207.0895 6.31 100
206 N-Acetylneuraminate C11H19NO9 309.1060 10.96 100
207 N-Acetylornithine C7H14N203 174.1004 15.04 10
208 N-Acetylputrescine C6H14N20 130.1106 7.48 100
209 NAD+ C21H27N7014P4 663.1091 4.28 50
210 NADH C21H29N7014P2 665.1248 12.73 10
211 NADP+ C21H28N7017P4 743.0755 7.51 10
212 NADPH C21H30N7017P4 745.0911 5.33 20
213 Ne,Nedimethyllysine C8H18N202 174.1368 19.00 10
214 Nicotinamide C6H6N20 122.0480 8.75 100
215 O-Acetylcarnitine C9H17NO4 203.1158 13.29 100
216 O-AcetytL-serine C5HINO4 147.0532 11.96 10
217 O-Butanoylcarnitine C11H21NO4 231.1471 9.27 100
218 Octadecanoic acid C18H3602 284.2715 5.74 100
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219 O-decanoyiR-carnitine C17H33NO4 315.2410 9.70 10
220 Orotate C5H4N204 156.0171 8.73 10
221 Orotidine C10H12N208 288.0594 9.68 10
222 Oxalate C2H204 89.9953 7.75 50
223 Oxaloacetate C4H405 132.0059 7.70 100
224 Pantothenate C9H17NO5 219.1107 7.04 10
225 Phenolsulfonphthalein C19H1405S 354.0562 5.44 100
226 Phenylacetylglycine C10H11NOS3 193.0739 8.34 10
227 Phenylhydrazine C6H8N2 108.0687 8.83 100
228 Phenylpyruvate C9H803 164.0473 6.08 100
229 Phosphate O4P 97.9769 17.42 100
230 Phosphoenolpyruvate C3H506P 167.9824 12.46 100
231 Picolinic acid C6H5NO2 123.0320 8.65 100
232 Putrescine C4H12N2 88.1000 16.72 100
233 pyrazinoate C5H4N202 124.0273 8.84 10
234 Pyridoxal C8HINO3 167.0582 13.77 100
235 Pyridoxal phosphate C8H10NO6P 247.0246 11.63 10
236 Pyridoxine C8H11NO3 169.0739 13.76 100
237 Pyrophosphate O7P2 177.9432 6.32 100
238 Pyruvate C3H403 88.0161 7.00 100
239 SAdenosyll-homocysteine C14H20N605S 384.1216 15.50 10
240 SAdenosylmethioninamine C14H22N603S 354.1474 17.39 10
241 Salicyluric acid C9HINO4 195.0532 6.38 50
242 Sarcosine C3H7NO2 89.0477 4.52 100
243 Selenomethionine C5H11NO2Se 196.9955 12.12 100
244 Serotonin C10H12N20 176.0950 14.97 10
245 snGlycere3-Phosphocholine C8H20NO6P 257.1028 13.93 10
246 snGlycerol 3phosphate C3H906P 172.0137 11.49 10
247 Sorbitol 6phosphate C6H1509P 262.0454 6.37 100
248 Spermidine C7H19N3 145.1579 14.11 100
249 Spermine C10H26N4 202.2158 17.47 100
250 Succinate C4H604 118.0266 7.26 100
251 Sucrose C12H22011 342.1162 11.71 100
252 Taurine C2H7NO3S 125.0147 12.77 10
253 Taurocholate C26H45N0O7S 515.2917 5.25 10
254 Thiamin diphosphate C12H18N4O7P2§  424.0371 21.19 100
255 Thiamine C12H17N40S 265.1123 6.37 100
256 Thymidine C10H14N205 242.0903 7.39 100
257 Thymine C5H6N202 126.0429 7.39 10
258 trans-Aconitate C6H606 174.0164 8.15 100
259 UDP C9H14N2012P2 404.0022 16.20 100
260 UDRGlucose C15H24N2017P2 566.0550 4.24 100
261 UMP C9H13N209P 324.0359 10.97 10
262 Uracil C4H4N202 112.0273 9.68 5
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263 Urate C5H4N403 168.0283 10.72 100
264 Urea CH4N20 60.0324 8.82 100
265 Uridine CIH12N206 244.0695 9.01 10
266 uTP COH15N2015P3|  483.9685 13.42 100
267 Xanthine C5HAN402 152.0334 8.99 10
268 Xanthosine C10H12N406 284.0757 7.37 50
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